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Abstract. We propose a texture similarity measure based on the
Kullback-Leibler divergence between gamma distributions (KLGamma).
We conjecture that the spatially smoothed Gabor filter magnitude re-
sponses of some classes of visually homogeneous stochastic textures are
gamma distributed. Classification experiments with disjoint test and
training images, show that the KLGamma measure performs better than
other parametric measures. It approaches, and under some conditions ex-
ceeds, the classification performance of the best non-parametric measures
based on binned marginal histograms, although it has a computational
cost at least an order of magnitude less. Thus, the KLGamma measure
is well suited for use in real-time image segmentation algorithms and
time-critical texture classification and retrieval from large databases.

1 Introduction

Measuring the similarity between textures is an important task in low-level com-
puter vision. A similarity measure for textures is essential for texture classifi-
cation, supervised- and unsupervised image segmentation. The motivation of
our research has been to find a similarity measure that is both low in computa-
tional cost and is statistically justified for classification purposes, and is therefore
well suited for use in both texture classification/retrieval and real-time texture
segmentation. Many similarity measures have been developed, based on various
feature extraction schemes ([20],[21],[22],[23], [24]). In this paper we will focus on
texture similarity between features extracted using Gabor filters. Observations of
many textures, lead us to conjecture that some classes of visually homogeneous
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stochastic textures have gamma distributed spatially smoothed Gabor magni-
tude responses. We introduce the KLGamma texture similarity measure, which
is based on the Kullback-Leibler divergence between gamma distributions.

We perform classification experiments on 35 texture images. These experi-
ments are done to evaluate classification performance on image blocks of vari-
ous sizes. Testing is done with several parametric and non-parametric similarity
measures, with both disjoint and non-disjoint test and training sets. All the
tested measures assume independence between features to avoid the computa-
tional cost of estimating and using the feature covariance matrix in the similarity
measure. In addition to the proposed method, the following parametric methods
are tested: weighted mean variance (WMV) [14], weighted nearest neighbour
(WNN) and the Kullback-Leibler divergence between Gaussians (KLGauss). We
also test several non-parametric measures applied to binned marginal probability
distributions: Kullback-Leibler divergence (KL), χ2 statistic (Chi) and Jeffrey
divergence (JD) [15],[16].

In classification experiments with disjoint test and training sets, KLGamma
performs better than the other tested parametric measures and KL. For block
sizes smaller than 32x32 pixels KLGamma outperforms all other measures, and
for larger blocksizes it is slightly worse than JD and Chi.

We analyze the computional cost of all the tested similarity measures and
find that KLGamma is somewhat slower than WNN, and faster than the other
parametric measures. Compared to non-parametric measures, which have similar
classification performance, KLGamma is at least an order of magnitude less com-
putationally intensive. In tests with disjoint test and training sets, KLGamma
achieves slightly better results than the second best parametric measure, KL-
Gauss, while being computationally simpler.

Research by Puzicha et.al. ([15] and [16]) has shown that the non-parametric
Chi and JD measures outperform other non-parametric measures and the para-
metric WMV measure in texture retrieval tests. In their experiments, the ex-
tracted texture features were Gabor filter magnitude responses. It has been
shown [2] that spatially smoothing the Gabor filter magnitude responses can im-
prove classification performance, and we will therefore do this kind of smoothing
in our tests. Our main contributions are as follows:

– We introduce the KLGamma texture similarity measure based on the
Kullback-Leibler divergence between gamma distributions.

– We conjecture that the spatially smoothed Gabor filter magnitude responses
of some classes of visually homogeneous stochastic textures are gamma dis-
tributed.

– We compare the classification performance of several non-parametric and
parametric similarity measures on spatially smoothed Gabor features.

In addition to being justified from a statistical point of view, the combination
of speed and classification performance implies that the KLGamma measure is
well suited to real-time texture segmentation and texture classification/retrieval.

In the next section we present texture feature extraction using spatially
smoothed Gabor filter magnitude responses. We then introduce all the tested
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similarity measures in the context of maximum-likelihood classification. Then
we present results that show how well the gamma distribution fits the proba-
bility density function of the extracted features, and then present results from
classification tests that compare the KLGamma similarity measure with other
parametric and non-parametric measures. Moreover, we present a comparison of
the computational cost of the various similarity measures. Finally we discuss the
results of this paper and offer some conclusions and suggestions for future work.

2 Texture Feature Extraction

2.1 Gabor Filtering

When extracting image features for use in texture analysis, it seems wise to
look to the way texture is analyzed in the human visual cortex. Marcelja [4]
and Daugman [5], [6] showed that the responses of simple cells in the visual
cortex can be modeled by Gabor filter response. The 2D Gabor functions pro-
posed by Daugman also achieve the theoretical resolution limit in the conjoint
spatial-spatial frequency domain. Thus it is understandable that Gabor filters
are commonly used in the feature extraction step of texture analysis. Based on
the Gabor functions proposed by Daugman, Lee[1] derived a family of Gabor
wavelets that satisfy the neurophysiological constraints for simple cells.

ψ (x, y, ω0, θ) =
ω0√
2πκ

e− ω2
0

8κ2 (x′2+y′2) ·
[
ei(ω0x

′) − e− κ2
2

]
(1)

Here x′ = x cos θ+y sin θ and y′ = −x sin θ+y cos θ. ω0 is the radial frequency in
radians per unit length and θ is the wavelet orientation in radians. The wavelet
is centered at (x = 0, y = 0) and κ ≈ π for a frequency bandwidth of one octave.
The term e− κ2

2 in (1) is the d.c. response of the wavelet, and is subtracted to
achieve invariance with respect to image brightness.

For simplicity, let ψω0,θ denote the Gabor wavelet with parameters ω0 and
θ. Let ψr

ω0,θ
be the real part of ψω0,θ and ψi

ω0,θ
be the imaginary part, and let

Ixy be the image centered at (x, y) to be filtered by ψω0,θ. Then the magnitude
response of Ixy filtered by ψω0,θ is

|ψω0,θ ∗ Ixy| =
√(

ψr
ω0,θ

∗ Ixy
)2

+
(
ψi
ω0,θ

∗ Ixy
)2

(2)

where ∗ is the convolution operator. Experiments have shown [2] that using this
magnitude response achieves better texture separability than using full-wave
rectification or the real component only. This is most likely due to the fact that
optimal conjoint resolution in the spatial-spatial frequency domain is achieved
with the complex form (quadrature-phase pair) of the Gabor filter [1]. Pollen
and Ronner’s [7] discovery, that the simple cells in the visual cortex exist in
quadrature-phase pairs, suggests that the design of these cells might indeed be
optimal with respect to the conjoint resolution in the spatial-spatial frequency
domains.
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2.2 Spatial Smoothing

The performance of Gabor filters for texture analysis is known to improve by
performing Gaussian smoothing of the Gabor filter magnitude response images

[2]. If g(x, y, ω0, θ) = ω0√
2πκ

e− ω2
0

8κ2 (x′2+y′2) is the Gaussian term in (1), the magni-
tude response images are smoothed with oriented Gaussian filter g(γx, γy, ω0, θ).
We denote the value at (x, y) of a smoothed magnitude image by

cxy,ω0,θ,γ = g(γx, γy, ω0, θ) ∗ |ψω0,θ ∗ Ixy| . (3)

3 Similarity Measures

In this section we will present the similarity measures. To understand the rea-
son for choosing a given similarity measure, one must look at the underlying
assumptions that are made in deducing the measure. Therefore we will describe
the maximum-likelihood classification principle, and the similarity measures that
result from making assumptions on the type of feature probability distributions.
We then define the asymptotically (for large sample sizes) optimal similarity
measures for Gaussian distributions, gamma distributions and binned marginal
histogram distributions. For binned histograms we will also present some further
measures used in [15] and [16]. Finally we will describe the parametric WMV
similarity measure proposed by Manjunath and Ma [14] which was compared
with several non-parametric methods in [15] and [16].

3.1 Maximum-Likelihood Texture Classification

Assume that a texture is described by a featurespace F . Given this featurespace
we define a mapping g : F → C = {1, . . . ,K} from the featurespace F to the
set C of possible texture class labels. The goal we set for a texture classifica-
tion system is to minimize the probability of classification error. This can be
formalized as the minimization of p (g (x) �= y), with x being a set of feature
observations from a texture sample of class y. The optimal mapping g for this
problem formulation is [13] the Bayes classifer

g∗ (x) = argmax
i

p (x|y = i)P (y = i) (4)

where p (x|y = i) is the likelihood function for the ith class, and P (y = i) is it’s
prior probability.

When all texture classes have the same prior probability P (y = i) = 1/K
(4) reduces to the maximum-likelihood (ML) classifier [12]

g (x) = argmax
i

1
M

M∑
j=1

log p (xj |y = i) . (5)

It is in general computionally expensive to use (5) for large sample sizes M .
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Kullback-Leibler Divergence. In [12] it is shown that for large values of M
we can apply the law of large numbers to (5), resulting in

g (x) M→∞−→ argmax
i

Eq [log p (x|y = i)] = argmin
i

KL
(
q; p(i)

)
(6)

where KL (q; pi) is the Kullback-Leibler divergence (KL) between the query den-
sity q and the density p(i) associated with texture class i. This shows that KL
is the asymptotic limit of the ML classification criteria. If F has N dimensions,
and these dimensions are independent of each other, the Kullback-Leibler di-
vergence is KL

(
q; p(i)

)
=
∑N

j=1KL
(
qj ; p

(i)
j

)
. This follows from (6) assuming

p(x) =
∏N

j=1 pj(xj). Here j denotes the feature dimension.

3.2 Gaussian Distribution

The univariate Gaussian distribution is given by pGauss (x;µ, σ) =
1√
2πσ

e−0.5[(x−µ)/σ]2 . If the N dimensions of F are independent and Gaussian
distributed we have from [3] the following Kullback-Leibler divergence

KLGauss (q; p) =
1
2

N∑
j=1

log

(
σ
(p)
j

σ
(q)
j

)2

+

(
µ
(q)
j − µ

(p)
j

σ
(p)
j

)2

+

(
σ
(q)
j

σ
(p)
j

)2

− 1


(7)

A simplification of (7) gives us the weighted nearest neighbour classifier (WNN)

DWNN (q; p) =
N∑
j=1

(
µ
(q)
j − µ

(p)
j

σ
(p)
j

)2

(8)

The condition under which this simplification is justified is σ
(q)
j ≈ σ

(p)
j . We

observe that the WNN measure is equivalent to the Mahalanobis measure [12]
if the feature covariance matrix is diagonal.

3.3 Gamma Distribution

The gamma distribution is given by pGamma (x;α, β) = 1
βαΓ (α)x

α−1e−x/β where
Γ (z) =

∫∞
0 e−ttz−1dt, z > 0.

Parameter Estimation. There are two main methods of calculating estimates
of the parameters α and β of the gamma distribution: the moment method and
maximum-likelihood (ML) method. Using the moment method [9] we obtain the
parameters by β̂ = σ̂2

µ̂
and α̂ = µ̂

β̂
, where µ̂ and σ̂ denote the estimated mean

and standard deviation of the distribution. Using the ML estimation method
[10] we obtain parameter estimates using

α̂β̂ = 〈X〉 =
1
n

n∑
i=1

Xi (9)
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log α̂ − Ψ (α̂) = 〈logX〉 − log 〈X〉 =
1
n

n∑
k=1

logXk − log 〈X〉 (10)

where 〈X〉 and 〈logX〉 are the mean and mean logarithm of the distribution
given by a set of independent observations X = {X1, . . . , Xn}, and Ψ (·) is the
digamma function, i.e. Ψ (z) = Γ ′ (z) /Γ (z).

Kullback-Leibler Divergence between Gamma Distributions. A closed-
form expression for the KL-divergence between two Gamma distributions is given
by [3] and results in the following expression

KLGamma (q; p) =
N∑
j=1

[(
α

(q)
j − 1

)
Ψ
(
α

(q)
j

)
− log β(q)

j −α(q)
j − logΓ

(
α

(q)
j

)
+ logΓ

(
α

(p)
j

)

+α(p)
j log β(p)

j −
(
α

(p)
j − 1

)(
Ψ
(
α

(q)
j

)
+ log β(q)

j

)
+
α

(q)
j β

(q)
j

β
(p)
j

]
(11)

Without any loss of classification performance we can simplify (11) for use in
(6), leading to the following similarity measure

DKLGamma (q; p) =
N∑
j=1

[
logΓ

(
α

(p)
j

)
+α(p)

j log β(p)
j −α(p)

j

(
Ψ
(
α

(q)
j

)
+ log β(q)

j

)
+
α

(q)
j β

(q)
j

β
(p)
j

]
(12)

which we introduce in this paper for use as a texture similarity measure.

3.4 Binned Histograms

Marginal probability density functions can be modeled as binned histograms. For
a given feature dimension j we then have the following empirical distribution
pj (xj) =

(⌊
xj

∆lj

⌋)
, where �·� denotes the floor operator, and pj (z) = 0 if

z /∈ {0, . . . , L− 1}. L is the number of bins and ∆lj is the bin size.

Kullback-Leibler Divergence. The Kullback-Leibler divergence between two
empirical distributions is

DKL (q, p) =
N∑
j=1

L−1∑
l=0

qj(l) log
qj(l)
pj(l)

. (13)

Appendix A shows that when the feature probabilities are modelled with binned
histograms, g (x) = argminiDKL

(
q, p(i)

)
is exactly the maximum-likelihood

classifier.
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Fig. 1. 128x128 pixel patches of the textures used in the experiments. The textures
are displayed in order of goodness-of-fit with the gamma distribution model, with the
fit decreasing from left to right, and top to bottom

Jeffrey Divergence. A symmetrized version of the Kullback-Leibler divergence
is the Jeffrey divergence [15] which is more numerically stable for empirical
distributions. For binned histograms it is

DJD (q, p) =
N∑
j=1

L−1∑
l=0

[
qj(l) log

qj(l)
qj(l) + pj(l)

+ pj(l) log
pj(l)

qj(l) + pj(l)

]
. (14)

χ2 Statistic. An approximation to the Kullback-Leibler divergence is the χ2

statistic [12]. A symmetrized version of this similarity measure is used in [15],[16]
and is defined for binned histograms as follows

Dχ2 (q, p) =
N∑
j=1

L−1∑
l=0

[qj(l) − pj(l)]
2

qj(l) + pj(l)
. (15)

3.5 Weighted Mean Variance (WMV)

A parametric similarity measure used for comparing textures is the weighted
mean variance (WMV) measure proposed by Manjunath and Ma [14]. Let µ(i)

j

and σ
(i)
j be the mean and standard deviation of feature dimension j. The super-

script (i) denotes the texture class. The WMV measure between two textures q
and p is then defined as
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Fig. 2. Goodness-of-fit with gamma distribution

DWMV (q; p) =
N∑
j=1

(∣∣∣∣∣µ
(q)
j − µ

(p)
j

α (µj)

∣∣∣∣∣+
∣∣∣∣∣σ

(q)
j − σ

(p)
j

α (σj)

∣∣∣∣∣
)

(16)

where α (µj) and α (σj) are the standard deviations of the respective features
over the entire database, and are used to normalize the individual feature com-
ponents.

4 Results

4.1 Validity of Gamma Distribution Model

In this section we illustrate how well the gamma distribution model fits the distri-
bution of the extracted texture features. As a goodness-of-fit measure we use the
χ2 statistic [18]. With N feature dimensions it is C = n

∑N
j=1

∑L
l=1

(pj(l)−πj(l))2

πj(l)
,

where n is the number of samples, L is the number of bins, pj(l) the observed
probability of bin l and πj(l) the expected probability of bin i assuming the fea-
ture is gamma distributed. πj (l) = Fj (l∆lj) − Fj ((l − 1)∆lj), where ∆lj is the
bin size and Fj(z) is the cumulative gamma distribution. Given a gamma distri-
bution with parameters αj and βj , Fj(z) = Γx(αj ,z/βj)

Γ (αj)
, Γx (α, t) =

∫ x
0 e−ttα−1dt

[19]. The goodness-of-fit with the gamma distribution for a given texture is
calculated for feature distributions extracted from the entire 512x512 texture
image.

From figures 1 and 2 we see that the textures that best fit the gamma distri-
bution model are visually homogeneous and appear to be stochastic in nature.
We also see that the textures which are either structered, such as G5, or non-
homogeneous such as C5 and F5, do not fit the said model very well. We would
like to point out that the texture patches in figure 1 are 128x128 blocks taken
from larger 512x512 images. A consequence of this, is that some 128x128 patches
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 Best (A1) 25% (B2) Median (D3) 75% (F4) Worst (G5) 

πω =0  

   

2/0 πω =  

   

4/0 πω =  

   

Fig. 3. An illustration of how well the gamma distribution model fits the extracted
features. We show the histogram (jagged line) and fitted gamma model (smooth line)
for a representative set of textures. In these figures we have θ = π/4

may look homogeneous, while the entire 512x512 is not. This is for example the
case for textures D4 and E4, and explains why they look very homogeneous in
figure 1, but are not among the textures with the best goodness-of-fit wrp the
gamma distribution. The degree to which the features histograms are gamma
distributed can be observed in figure 3. It is also worth noting that in prelimi-
nary experiments, we find that adding a small amount of Gaussian noise to the
texture images increased the goodness-of-fit with the gamma model. From these
observations we make the following conjecture:

Conjecture 1. Spatially smoothed Gabor filter magnitude responses of some
classes of visually homogeneous stochastic textures are gamma distributed.

4.2 Classification Performance

We perform two different sets of experiments to validate the classification per-
formance when using the different similarity measures:

– Experiment A: Training and testing on the same data
– Experiment B: Training and testing disjoint data sets

The first set of experiments will indicate how well the feature set and sim-
ilarity measure represent the textures. The second set of experiments will shed
light on such issues as overtraining and generalization.

Gabor Filter Parameters. For our classification experiments we filter the
images with Gabor filters of 4 different orientations, θ ∈ {

0, π4 ,
π
2 ,

3π
4

}
, and 5

different scales, ω0 =
{
π, π2 ,

π
4 ,

π
8 ,

π
16

}
for a total of 20 filters. In the experiments

with spatially smoothed magnitude images, a smoothing factor of γ = 2/3 was
used for smoothing all Gabor filter magnitude response images. This is just a
small portion of the possible parameter range of {θ, ω0, γ}, and we see it as being
similar to what is commonly used in the texture analysis community [11],[2].

A vector x in the featurespace F is defined as x = [x1, . . . , xN ] where N is
the number of dimensions in the featurespace. The parameters used to extract
the feature xj using (3) are {θj , ω0j} .
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Table 1. Misclassified blocks in experiment A (in percent)

Block size (in pixels)
Measure 128x128 64x64 32x32 16x16 8x8 4x4
DKLGamma 0.9 4.8 10.6 15.9 19.2 21.1
DKL 0.4 4.3 7.9 13.5 17.4 19.4
DJD 0.9 4.2 10.3 16.8 22.3 26.5
Dχ2 0.9 3.9 10.0 17.3 23.5 28.6
KLGauss 0.7 4.4 10.8 16.8 20.5 22.8
DWNN 1.6 6.0 14.0 20.5 24.8 27.3
DWMV 6.1 16.5 34.6 53.4 62.5 65.5

Experimental Setup. In our experiments we used a 35 image subset of the
40 images used in [16]. The image size is 512x512 pixels. For experiment A,
training was performed on the entire images, and testing was performed on all
non-overlapping blocks of size 128x128, 64x64, 32x32,...,4x4. One might question
whether blocks as small as 4x4 pixels can represent the variance of the texture
they are extracted from. Recall that the features we are analyzing are spatially
smoothed Gabor filter responses. Thus the Gabor features in a 4x4 block contain
information extracted from a ’receptive field’ slightly larger than the (largest)
Gabor filter.

In experiment B we look at the ability to generalize. Training is performed
on one quadrant of the image and testing on all non-overlapping blocks of size
128x128, 64x64, 32x32,...,4x4 in the remaining three quadrants. This procedure
is repeated for all four quadrants, and the results presented are the average per-
formance over all combinations of training and test sets. In both experiment A
and B, the classification performance was measured by the classification preci-
sion, i.e. the percentage of correctly classified image blocks.

The histograms were binned by setting∆lj = 1
L maxx,y,i c

(i)
xy,ω0j ,θj ,γ

, where (i)
denotes the texture and j the feature dimension. To avoid numerical instability
when using the non-parametric methods we initialized the histogram bins to a
small value δ = 10−5 before estimating the histograms. We experimented with
values of L between 32 and 256, but found that classification errors did not
decrease noticably when increasing L from 64 to 256. Decreasing L from 64 to
32 gave marginally better classification results for small block sizes, and worse
for large block sizes. Tables 1 and 2 therefore display the results of the non-
parametric measures with 64 bins.

Our experiments showed that there was no noticable difference in classifica-
tion error between KLGamma with gamma distribution parameters estimated
using the moment-method and KLGamma with parameters estimated using the
ML method. We therefore display results from the former, due to its computa-
tional simplicity.

Interpretation. In experiment A we see that the best measure is KL. This is
expected since it is equivalent to using the maximum-likelihood classifier, and the
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Table 2. Misclassified blocks in experiment B (in percent)

Block size (in pixels)
Measure 128x128 64x64 32x32 16x16 8x8 4x4
DKLGamma 8.0 12.7 18.7 23.7 26.9 28.8
DKL 13.9 17.7 22.8 27.1 30.2 31.2
DJD 7.6 11.4 18.2 24.5 29.6 33.6
Dχ2 7.4 11.3 17.8 24.7 30.7 35.5
KLGauss 9.7 13.8 20.2 25.4 28.8 30.8
DWNN 9.9 15.1 22.9 28.9 32.9 35.0
DWMV 11.1 22.7 39.2 57.3 68.3 73.3

training data are representative of the test data. We also observe that KLGamma
is the best parametric method for blocksizes smaller than 64x64 pixels, which is
also understandable since the assumption that the data are gamma distributed
is a valid one for most of the textures. For blocksizes of 128x128 and 64x64
pixels, the KLGauss measure is slightly better than KLGamma. The difference
between KL and KLGamma can be attributed to the fact the conjecture 1 does
not hold for all of the textures in the dataset. JD and Chi are marginally better
than KLGamma for block sizes larger than 16x16, and worse for smaller block
sizes.

Experiment B reveals that KL does not do to well when the test and train-
ing sets are disjoint. This is perhaps due to problems in estimating accurate
histograms from the training data, either because the sample size is too small
(256x256 pixels) or the training data are not representaive of the test data. Chi
is the best method for block sizes larger than 16x16 with KLGamma being only
slightly worse. KLGamma is the best parametric measure, and for smaller block
sizes it is the overall best similarity measure. We attribute the difference in clas-
sification error between experiment A and B to the fact that quite a few of the
test images had internal textural variations, and were not entirely homeogeneous
across the whole image.

4.3 Computational Cost

In this section we will look at how computationally intensive the similarity mea-
sures tested in the previous section are. We will analyze them in terms of how
many operations are required to classify a query texture as being one of M
textures.

Parametric Measures. To give a fair speed comparison we will for each simi-
larity measure define a set of parameters Q that must be calculated for each fea-
ture dimension of the query texture, and parameters P that must be calculated
for each feature dimension of the database textures, in order for the similarity
measure calculation to be as simple as possible. The equations in the second
column of table 3 show the simplified calculations of each similarity measure for
one feature dimension.
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Table 3. Computational cost of parametric similarity measures

Measure Expression Q P No. of ops
DWNN

(Q1−P1)2

P2
[µ]

[
µ, σ2

]
4NM

DWMV |Q1 − P1| + |Q2 − P2|
[

µ
α(µ) ,

√
σ2

α(σ)

] [
µ

α(µ) ,
√
σ2

α(σ)

]
6NM + 4N

KLGauss P3 −Q3 + (Q1−P1)2+Q2
P2

[
µ, σ2, log σ2

] [
µ, σ2, log σ2

]
7NM + 2N

DKLGamma P3 − P1Q1 + Q2
P2

[Ψ (α) + log β, αβ] [α, β, logΓ (α) + α log β] 5NM + 7N

Table 4. Computational cost of non-parametric similarity measures

Measure Expression Q P No. of ops
DKL Q1P1 [−q] [log p] 2LNM
DJD (−Q1 − P1) log (Q1 + P1) + P2 [q] [p, p log p] 8LNM

Dχ2
(Q1−P1)2

Q1+P1
[q] [p] 5LNM

We assume that multiplications/divisions are as fast as addi-
tions/subtractions, one table lookup takes two operations and the |·| operator
takes one operation. A further assumption is that the quantities µ and σ2 are
already calculated and the moment method is used to calculate the parameters
of the gamma distribution.

Also assume that the texture featurespace has N dimensions and the
database texture parameters P are calculated in advance. In the rightmost col-
umn of table 3 we display the number of operations required to classify a query
texture as being one of M possible database textures using the different simi-
larity measures. From these results we see that WNN is the fastest method. If
M > 3 the proposed KLGamma measure is the second fastest.

Non-parametric Measures. We will do a similar analysis for the nonpara-
metric measures. Simplifications will be done where possible. Here Q and P will
be calculated for each of the L histogram bins in all the N feature dimensions. q
and p denote the bin values for the query texture and database texture respec-
tively. These results show that the KL measure is the easiest to compute, and
the Chi measure is significantly faster than the JD measure.

If we compare the computational cost of the parametric measures with the
non-parametric measures we see that they are approximatly L times faster.

5 Discussion and Future Work

A question that naturally arises is whether the classification results we have
obtained represent what would typically be found in texture classification appli-
cations. The first issue that should be addressed in order to answer this question
is whether the test data are are representative of ”typical” textures. To say
they are would be jumping to conclusions without much evidence. However, one
can not avoid noticing how well the gamma distribution model fits the features
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extracted from the visually homogeneous and stochastic textures. We suggest
that further research should be done to determine for which classes of homoge-
neous stochastic textures our conjecture holds, and if it holds for homogeneous
deterministic (e.g. polkadot) textures when there is noise present. Preliminary
experiments we have done, suggest that this might be the case. In a later paper
we will investigate more thoroughly the validity of our conjecture, give a ratio-
nale for why the extracted Gabor features appear to be gamma distributed, and
determine how to extend the use of the KLGamma similarity measure to scale
and rotation invariant texture classification/retrieval.

The second issue we wish to touch upon, is whether our computational cost
comparison gives results that are valid in a realistic implementation scenarios.
If the implementation scenario follows the assumptions we have made, the re-
sults should be valid. The pletora of different specialized hardware and software
platforms in existence makes it almost impossible to give a computional cost
comparison that is valid in general. However, we can determine that the relative
difference in computional cost between our proposed KLGamma measure and
non-parametric measures is approximately an order of magnitude.

6 Conclusion

Based on observations of 35 texture images, we have conjectured that the spa-
tially smoothed Gabor filter magnitude responses of some classes of visually ho-
mogeneous stochastic textures are gamma distributed. For the class of textures
under which this conjecture holds, we have derived a computationally simple
parametric similarity measure, the KLGamma measure, which is asymptotically
optimal when used for texture classification/retrieval. This texture similarity
measure is based on the Kullback-Leibler divergence between gamma distribu-
tions.

We compared the texture classification performance of KLGamma with sev-
eral parametric and non-parametric measures. Classification experiments con-
firmed that KLGamma is close to optimal. When training and testing was per-
formed on the same dataset, the only method that noticably outperformed our
method was the Kullback-Leibler divergence between binned histograms. We
attribute this to the fact that some of the textures in our test suite were non-
homogeneous. Our conjecture does not hold for these textures. In tests with
disjoint test and training sets, KLGamma was only slightly outperformed by
the non-parametric Jeffrey divergence and symmetric χ2 statistic for block sizes
larger than 16x16 pixels. For smaller blocks, KLGamma achieved the best clas-
sification results of all the similarity measures we have tested.

An analysis of the computational cost of all the tested measures, indicate that
KLGamma is at least an order of magnitude faster than non-parametric mea-
sures, while having comparable, and under some conditions better, classification
performance. Only the simplest parametic method, WNN, is faster.

Judging from the results we have obtained, we can conclude that, in scenar-
ios under which our conjecture holds, our proposed KLGamma measure is the
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method of choice in e.g. real-time block-based segmentation algorithms such as
that proposed by Hofman et.al. in [17]. KLGamma is also well suited for tex-
ture classification applications where speed is of the essence and the number of
texture classes is large.

Appendix A

Let X be a sample of S feature vectors from a texture q. Xjk denotes sample
k from feature dimension j. Let N be the number of dimensions in the feature
vectors. If a texture i is described by a set of binned histograms p(i)j , the likelihood

of the samples X being from texture i is λi =
∏N

j=1

S∏
k=1

p
(i)
j

(⌊
Xjk

∆lj

⌋)
. The

maximum-likelihood classifier is g(X) = argmaxi λi. If we let bjk =
⌊
Xjk

∆lj

⌋
and take the log of λi we have log λi =

∑N
j=1

∑S
k=1 log p

(i)
j (bjk). Now let njl

denote the number of samples Xjk for which bjk = l. With this notation we
obtain log λi =

∑N
j=1

∑L−1
l=0 njl log p

(i)
j (l). Furthermore, dividing by S on each

side implies that

g(X) = argmax
i

λi = argmax
i

1
S

log λl = argmax
i

λi

N∑
j=1

L−1∑
l=0

p
(q)
j (l) log p(i)j (l)

(17)
Where p(q)j are the binned histograms of the query texture.

g(X) = argmax
i

λi = argmin
i

DKL

(
q, p(i)

)
= argmin

i

N∑
j=1

L−1∑
l=0

p
(q)
j (l) log

p
(q)
j (l)

p
(i)
j (l)
(18)

and thus minimizing the KL divergence is identical to the maximum-likelihood
classifier.
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