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Modeling Multiscale Subbands of Photographic
Images with Fields of Gaussian Scale Mixtures

Siwei Lyu, Member, IEEE,Eero. P. Simoncelli,Senior Member, IEEE

Abstract— The local statistical properties of photographic im-
ages, when represented in a multi-scale basis, have been described
using Gaussian scale mixtures. Here, we use this local description
as a substrate for constructing a global field of Gaussian scale
mixtures (FoGSMs). Specifically, we model multi-scale subbands
as a product of an exponentiated homogeneous Gaussian Markov
random field (hGMRF) and a second independent hGMRF. We
show that parameter estimation for this model is feasible, and
that samples drawn from a FoGSM model have marginal and
joint statistics similar to subband coefficients of photographic
images. We develop an algorithm for removing additive white
Gaussian noise based on the FoGSM model, and demonstrate
denoising performance comparable with state-of-the-art methods.

Index Terms— image statistics, Markov random field, image
denoising

I. I

M ANY successful methods in image processing and com-
puter vision rely on statistical models for images, and it

is of continuing interest to develop improved models, both in
terms of their ability to precisely capture image structures, and
their practicality for use in applications. A common methodof
constructing such statistical models is to first identify statistical
properties of photographic images, and then develop probabilistic
models that capture these properties. The first step in this process
is to choose a representation (typically, a linear basis) inwhich
the statistical properties are more simply described. Early research
in image statistics was based primarily on pixel and Fourier
representations. But over the past two decades, numerous studies
have demonstrated that linear image decompositions based on
multi-scale multi-orientation localized basis functions(loosely
referred to as “wavelets”) are particularly effective in reveal-
ing statistical regularities of photographic images. For instance,
wavelet coefficients of photographic images generally have highly
kurtotic non-Gaussian marginal distributions [1], [2], [3], and the
amplitudesof nearby coefficients are strongly correlated [4], [5],
[6].

A variety of parametric models have been proposed to capture
these regularities, including the generalized Laplacian [7], [8], [9],
[10], the Bessel K [11], the multi-variate Student’s t-distribution
[12], the α-stable family [13] and the Cauchy distribution [14].
All of these non-Gaussian statistical models can be unified under
the flexible semi-parametric density family known as Gaussian
scale mixtures (GSMs) [15], [16]. By definition, a GSM density
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is an infinite mixture of zero-mean Gaussian variables with covari-
ances related by multiplicative scaling. GSMs can emulate many
of the non-Gaussian statistical behaviors observed in local groups
of wavelet coefficients of photographic images. In addition, the
underlying Gaussian structure leads to relatively simple parameter
learning and inference procedures. For these reasons, local image
models based on GSMs have been highly successful when applied
to image denoising [17], [18].

Despite this success, it has proven difficult to extend the local
GSM description to a consistent global probability model. One
can partition the coefficient space into non-overlapping clusters,
and describe each of these using an independent GSM. But such
a model will ignore important statistical dependencies between
coefficients in adjacent blocks. The inhomogeneities that arise
from treating coefficients near block boundaries differently from
those in the center can, in turn, lead to noticeable artifacts such
as blocking or aliasing in applications. This problem may be
somewhat ameliorated by using overlapping (e.g., convolutional)
blocks [17], [18]. But then treating these blocks as independent
samples is not consistent with any global model. Another option
is to retain non-overlapping coefficient clusters, but to capture
the dependencies between these clusters by linking the hidden
scaling variables in a tree-structured Markov model (e.g., [19],
[20]). Although these models are able to capture some global
statistical dependencies, they still produce artifacts due to the
inhomogeneous treatment of spatially proximal coefficients that
are assigned to different branches of the tree.

A natural means of extending the local GSM description to a
homogeneous global description is through the use of Markov
random fields (MRFs). A MRF is a global model uniquely
determined by a local statistical description. A number of authors
have developed MRF-based image models in the pixel domain
(e.g., [21], [22], [23], [24], [25], also see [26] for an overview).
In particular, the recently developed field of experts model[27]
has been used to achieve impressive performance in denoising.
However, these MRF-based models usually involve learning and
inference procedures based on statistical sampling, whichare
generally computationally costly or unstable.

In this paper, we take a different approach to embedding a
local GSM description within a global consistent MRF, by mod-
eling multi-scale subbands asfields of Gaussian scale mixtures
(FoGSMs). Specifically, a FoGSM is formed by an element-
wise product of two mutually independent MRFs: a homogeneous
Gaussian MRF (hGMRF), and a positive-valued MRF obtained
by exponentiating a second hGMRF. The former captures second-
order dependencies, while the latter characterizes the variability
and dependencies of local variance. Individual coefficients in
the FoGSM model marginally follow a GSM distribution, while
the global MRF structure generates dependencies beyond local
neighborhoods. We develop a parameter estimation procedure,
exploiting the computational advantages of the underlyinghGM-
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RFs, and demonstrate that samples from FoGSMs share important
statistical properties of photographic images. As an example
application, we develop a Bayesian denoising methodology using
FoGSM as a prior model for clean images. We show that the
resulting denoising method achieves performance comparable to
state-of-the-art methods. Preliminary results of this work have
been presented in [28].

II. B

A. Photographic image statistics

Photographic images exhibit distinct statistical regularities that
are especially apparent when they are represented using a multi-
scale basis (loosely referred to as a “wavelet” decomposition).
To be more specific, the wavelet coefficients of photographic
images tend to have highly kurtotic non-Gaussian marginal dis-
tributions [1], [2], [3]. More importantly, even when they are
second-order decorrelated, there are higher-order statical depen-
dencies between coefficients at nearby locations, orientations and
scales [5], [6], [16]. Shown in Fig. 1 are empirical joint and
conditional histograms for five pairs of subband coefficients of
the “boat” image, corresponding to basis functions with spatial
separations of∆ = {1, 4, 32} samples, two orthogonal orientations
and two adjacent scales. For adjacent coefficients, we observe
an approximately elliptical joint distribution. This behavior was
originally reported for Hilbert-transform pairs of basis functions
[30], and later generalized to pairs at different positions, ori-
entations and scales [5], [6]. The “bow-tie” shaped conditional
distribution indicates that the variance of one coefficient depends
on the value of the other. This is a highly non-Gaussian behavior,
since the conditional variances of a jointly Gaussian density are
always constant, independent of the value of the conditioning
variable. For coefficients that are distant, the dependency becomes
weaker and the corresponding joint and conditional histograms
become more separable, as would be expected for two inde-
pendent random variables. Finally, although the examples shown
here were generated using a particular multi-scale oriented image
representation, these statistical properties are fairly robust to the
specific choice of decomposition as long as the basis functions
are localized and band-pass.

B. Gaussian scale mixtures

A Gaussian scale mixture (GSM) vector is defined as the
product of a zero-mean Gaussian vector and an independent
positive scalar variable. Specifically, ad-dimensional GSM vector
x can be constructed asx =

√
z · u, whereu is a d-dimensional

zero mean Gaussian vector, andz ∈ R+ is independent ofx. The
density of x is determined by the covariance matrix,Σ, of the
Gaussian vector, and the density ofz:

p(x) =
∫

z
Nx(0, zΣ)pz(z)dz

=

∫

z

1
√

(2πz)d|Σ|
exp

(

−xTΣ−1x
2z

)

pz(z)dz. (1)

As a family of probability densities, GSM includes many com-
mon kurtotic distributions, including all those mentionedin the
introduction [15]. For instance, ifz follows an inverse gamma
distribution, the resulting GSM density reduces to a multivariate
Student’s t-distribution [15], [31].

C. Homogeneous Gauss-Markov random fields

A Markov random field (MRF) is a global joint distribution
on a mesh of nodes that is uniquely determined by the local
density of each node conditioned on the nodes in a surrounding
neighborhood. In particular, the MRF is the maximal entropy
density consistent with the local probabilistic constraints [26]. A
Gaussian MRF (GMRF) is one in which all the local conditional
(and hence, joint) densities are Gaussian. In this case, theinverse
covariance matrix (also known as theprecision matrix) of the
full set of nodes contains a zero entry for all pairs of nodes
that are not within each other’s conditioning neighborhoods.
The sparse form of the precision matrix means that it usually
provides a more convenient parameterization of a GMRF than
the full covariance matrix. A homogeneous GMRF (hGMRF) is a
GMRF with local density parameters invariant to absolute spatial
location. In particular, when the hGMRF is defined over a two-
dimensional lattice with circular boundary handling1, its precision
matrix is block circulant (see Appendix A for details), determined
by the generating kernelQ that captures nonzero dependencies
within each neighborhood. Given the relatively small set of
parameters, the block circulant structure, and the resulting close
relationship with the discrete Fourier transform (see Appendix A),
hGMRFs are significantly more computationally tractable than
general MRFs in terms of parameter estimation, sampling, and
inference. Learning and sampling with hGMRFs are describedin
Appendix B and C, respectively, and a more detailed description
of GMRFs and hGMRFs may be found in reference [32].

III. F   G  

The GSM model has been used successfully to describe the
statistics of local clusters of multiscale image coefficients, which
can include spatial neighbors as well as coefficients in adjacent
scale and orientation subbands [e.g., 19]. But, as mentioned in
the introduction, extending local GSM model to a global model
of images without introducing either statistical inconsistencies,
or inhomogeneities in the global model structure is difficult.
Here, we resolve this dilemma by describing each subband as
a homogeneousField of Gaussian Scale Mixtures(FoGSM).

We define a FoGSM as the element-wise product of two
mutually independent MRFs,u and

√
z:

x
d
= u ⊗

√
z, (2)

where the square root is applied to each component ofz. Here,
u is a zero-mean Gaussian MRF, andz is a positive-valued
MRF of scaling variables. To eliminate the scaling ambiguity
betweenu and z, we assume that each component ofu has unit
variance. The FoGSM model inherits from the GSM model the
construction as a product of an independent Gaussian variable and
another positive random variable, and as such, all one-dimensional
marginal densities of a FoGSM are GSMs. But unlike the local
GSM model, in which a singlez variable is multiplied by every
component of a multivariate Gaussian variableu, the Gaussian
components in FoGSM each have their ownz variable. This
collection ofz variables form a second MRF, which can capture
higher-order statistical dependencies.

1Circular boundary handling is assumed in the definition of hGMRF. As
the dimensionality of the random field increases, the boundary handling is
less influential in the computation.
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close∆ = 1 near∆ = 4 far ∆ = 32 orientation scale

Fig. 1. Histograms of pairs of subband coefficients of four photographic images, decomposed using a Steerable Pyramid decomposition [29]. Top: Contour
plots of joint histograms, drawn at equal intervals of log probability. Bottom: Conditional histograms, computed by independently normalizing each column of
the joint histogram. Image intensities are proportional toprobability, except that each column of pixels is independently rescaled so that the largest probability
value is white.

To further reduce the number of free parameters in the model,
we use homogeneousFoGSMs to model each subband in a
multiscale decomposition. Specifically, we assumeu to be a
zero-mean homogeneous Gaussian MRF (hGMRF), with circular
boundary handling:

p(u) ∝
√

| C(Qu)| exp

(

−uT C(Qu)u
2

)

, (3)

where Qu is the generating kernel, andC(Qu) is a block circu-
lant precision matrix formed from that kernel. Furthermore, we
assume thatz is derived by applying a point-wise exponential
“link” function to a second hGMRF. Alternatively, we can define
logz (where the log operator is applied element-wise) as a zero-
mean hGMRF with precision matrixC(Qz):

pz(z) ∝
√

| C(Qz)|
∏

i zi
exp

(

−(logz)T C(Qz)(logz)
2

)

. (4)

The inter-dependencies between components ofz may be explic-
itly incorporated through the precision matrixC(Qz). This log-
normal random field is a natural extension of the univariate log-
normal density used previously for the scalar multiplier ina local
GSM model [33].

The density ofx conditioned onz, may be easily written by
substituting the element-wise quotientx ⊘

√
z for the vectoru in

Eq. (6) and re-normalizing:

p(x|z) ∝

√

| C(Qu)|
∏

i zi
exp

(

−(x ⊘
√

z)T C(Qu)(x ⊘
√

z)
2

)

(5)

=

√

| C(Qu)|
∏

i zi
exp

(

−xT D(
√

z)−1C(Qu)D(
√

z)−1x
2

)

.

whereD(
√

z) in the second line denotes a square diagonal matrix
generated from vector

√
z. The resulting conditional density

on x is a zero-meaninhomogeneousGMRF, as its precision
matrix

[

D(
√

z)−1C(Qu)D(
√

z)−1
]

no longer has a block circulant
structure.

A. Learning and sampling FoGSMs

A FoGSM density on subband coefficientsx is determined by
the generating kernels of the two constituent hGMRFs,Qu and
Qz. When fitting FoGSM to data, it is also desirable to have an
estimate of the fieldz. Thus, we formulate the learning of FoGSM
as simultaneous estimation of parametersQz andQu and variables
{zi}Ni=1, from a training set of subbands{xi}Ni=1, as

argmax
{zi }Ni=1,Qu,Qz

log p({xi }Ni=1, {zi}Ni=1; Qu,Qz). (6)

Optimization of this objective function corresponds to a combi-
nation ofmaximum likelihoodestimation of the model parameters
(Qz,Qu) and maximum a posterioriestimation of the hidden
variables{zi}Ni=1 from training data{xi}Ni=1.

We optimize equation (6) using a coordinate ascent scheme,
which alternates between maximizing each of{zi}Ni=1, Qu and Qz

while holding the remaining two fixed:

(i) z(t+1)

i = argmaxz log p(xi , zi ; Q(t)
u ,Q

(t)
z ) for i = 1, · · · ,N

(ii ) Q(t+1)
u = argmaxQu

log p({xi , z
(t+1)

i }Ni=1; Qu,Q
(t)
z )

(iii ) Q(t+1)
z = argmaxQz

log p({xi , z
(t+1)

i }
N
i=1; Q(t+1)

u ,Qz)
(7)

Running the three steps in (7) iteratively guarantees convergence
to a local maximum of the objective function in (6). Each step
may be further simplified.

The objective function in step (i) of Eq. (7) is more con-
veniently expressed in terms of the element-wise inverse square
root of variablez. We defines = 1 ⊘

√
z, from which z can be

recovered usingz = 1⊘ (s⊗s). The conditional density ofx given
s may then be written:

p(x|s) ∝
∏

i

si exp

(

−(x ⊗ s)T C(Qu)(x ⊗ s)
2

)

(8)

=
∏

i

si exp

(

−sT [D(x)C(Qu)D(x)] s
2

)

,

and the density ofs may be easily obtained by suitable transfor-
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mation of the density ofz:

p(s) ∝ 1
∏

i si
exp

(

−2(logs)T C(Qz) (logs)
)

. (9)

Using these new definitions, step (i) in Eq. (7) may be rewritten
as

ŝ
△
= argmax

s
log p(x, s; Qu,Qz) (10)

= argmax
s

log p(x|s; Qu) + log p(s; Qz)

= argmin
s















1
2sT [D(x)C(Qu)D(x)] s

+ 2(logs)T C(Qz) (logs).

This objective function may be optimized with conjugate gradient
descent [34]. Much of the computation involves multiplying
vectors by the precision matrix. Because the precision matrix
is block-circulant, these operations are convolutions andmay be
efficiently implemented using the fast Fourier transform. Empiri-
cally, we also found that the conjugate gradient iteration converges
quickly: After roughly 300 steps of iteration for a 512×512 pixel
image, the successive relative changes in the objective function
are less than 10−13.

Steps (ii) and (iii) in (7) correspond to estimating model
parametersQu and Qz given data{xi , zi}Ni=1. Specifically, step (ii)
may be simplified to

Q̂u = argmax
Qu

log p(x, z; Qu,Qz)

= argmax
Qu

log p(x|z; Qu)

= argmax
Qu

log p(x ⊘ z; Qu) (11)

where the last line corresponds to amaximum likelihoodestimate
of the generating kernelQu of a zero-mean hGMRF givenN
independent samples

{

xi ⊘
√

zi
}N
i=1.

Similarly, step (iii) may be simplified as

Q̂z = argmax
Qz

log p(x, z; Qu,Qz) (12)

= argmax
Qz

log p(z; Qz)

= argmax
Qz

log p(logz; Qz)

which is themaximum likelihoodestimate of parameterQz in a
hGMRF on logz given independent samples

{

logzi
}N
i=1. Again,

both steps allow efficient computation based on the properties of
block circulant matrices. The details of parameter estimation for
hGMRFs are provided in Appendix B.

Sampling from FoGSM is simple and efficient. By definition,
a sample of FoGSM is formed by element-wise multiplication of
two independent samples ofu and

√
z. The former is obtained

by sampling from hGMRFu, and the latter is obtained by
element-wise exponentiation of the square root of a sample of
hGMRF logz. Sampling from each two-dimensional hGMRF is
implemented by linearly transform a sample of white Gaussian
noise, which is again efficient due to the computational advantages
of block circulant matrices. We provide basic descriptionsof these
operations in Appendix C and more information can be found in
[32].

IV. M -    FGSM

In this section, we investigate empirically how well a FoGSMis
able to account for the statistical properties of subband coefficients

of photographic images. We fit an independent FoGSM model to
each subband of a photographic image, and examine the properties
of the u and logz fields, as well as samples from the learned
FoGSM model.

A. Experimental setup

Our data sets are multi-scale subbands of a given orientation
and scale from five standard test images of size 512× 512
pixels (“Lena”, “Barbara”, “boats”, “hill”, and “baboon”). For
image representation, we employed an over-complete tight frame
representation known as the steerable pyramid [29] as the front-
end linear decomposition. The basis functions of this linear
decomposition are spatially localized, oriented and span roughly
one octave in bandwidth. They are polar separable in the Fourier
domain and are related by translation, dilation and rotation. We
fit the FoGSM model to subbands corresponding to the first scale
and third orientation in an 8-orientation decomposition (the peak
orientation angle of this band is atπ/4 radians, relative to the
horizontal axis).

The neighborhood size of the two component hGMRFs of
the FoGSM model (corresponding to variablesu and logz)
were chosen by maximizing the cross-validated likelihood.We
cut each subband into equal-sized rectangular halves, fitted the
FoGSM model of a given neighborhood size to one half of the
subband, and then computed the likelihood on the data from the
other half of the subband using Eq. (6). The best performancewas
observed for 5× 5 neighborhoods, for both hGMRFs. Once the
neighborhood size was determined, the generating kernels were
optimized using the algorithm described in the previous section.
The vectorz, which represents the local signal variance, was
initialized by computing the local variances estimated within each
overlapping 5× 5 spatial window.

B. Decomposition and parameters

Shown in the top row of Fig. 2 are the results of decomposing
a subband from the “boats” image according to the fitted FoGSM
model. Specifically, the subband (left panel) is decomposedinto
the product of theu field (middle panel) and the

√
z field (right

panel, in logarithm) using the training algorithm described in Sec-
tion III-A. Visually, we can see that the changing spatial variances
are captured by the estimated logz, and residual homogeneous
structures are captured by the estimatedu. The second row in
Fig. 2 are the marginal histograms of each field in the log domain,
plotted against a Gaussian density of the same variance. Note that
the marginal distribution ofu is well approximated by a Gaussian,
as assumed in the FoGSM model. The marginal distribution of
logz, while unimodal, exhibits noticeable deviations from Gaus-
sianity. In particular, it is clearly asymmetric, and this property
seems to be consistent across a variety of different subbands and
images.

Shown in the bottom row of Fig. 2 are the estimated 5× 5
generating kernelsQu andQz. The former reflects the orientation
anisotropy of hGMRFu, which is matched to the orientation
tuning of the subband. On the other hand,Qz shows only weak
orientation preference. We could interpret this to indicate that the
MRF for logz is close to isotropic. However, visual inspection of
the logz field suggests that the MRF frequently exhibits strongly
oriented content, but that this content is inhomogeneous (i.e., the
orientation is different in different image regions) and thus cannot
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x u logz

-0.0304 -0.0108 0.0471 0.0047 0.0059
-0.0071 -0.0309 0.1394 0.0842 0.0023
-0.0023 -0.1125 1.0000 -0.1125 -0.0023
0.0023 0.0842 0.1394 -0.0309 -0.0071
0.0059 0.0047 0.0471 -0.0108 -0.0304

0.0297 0.0483 0.0046 0.0017 0.0294
-0.0245 -0.1213 -0.2188 -0.1721 0.0447
0.0348 -0.1893 1.0566 -0.1893 0.0348
0.0447 -0.1721 -0.2188 -0.1213 -0.0245
0.0294 0.0017 0.0046 0.0483 0.0297

Qu Qz

Fig. 2. Top: Decomposition of a subband from image “boat” (left) into a hGMRF u (middle) and the corresponding multiplier field logz (right). Each
image is rescaled individually to fill the full range of grayscale intensities.Middle: log marginal histograms ofx, the estimatedu and the estimated logz.
Dotted lines correspond to Gaussian density of the same meanand variance.Bottom: 5 × 5 central non-zero regions for the hGMRF generating kernelsof
the estimatedu and logz fields.

be captured by a homogeneous GMRF. Furthermore, one can see
that the estimatedu and logz are not independent, as assumed by
the FoGSM model, but have aligned structures (typically arising
from image contours).

C. Statistics of FoGSM samples

The statistical dependencies captured by the FoGSM model can
be further illustrated by examining marginal and joint statistics
of samples from the fitted model. Note that this is achieved by
fitting the global FoGSM statistical model to a subband, and
then drawing samples from this model, not by explicitly adjusting
parameters to fit the marginal or joint histograms (as was done
in [16]).

We begin by comparing the marginal distributions of the
samples and the original subband. Figure 3 shows empirical
histograms in the log domain of a particular subband from
four different photographic images (dashed line), and those of
the synthesized samples of FoGSM models learned from each
corresponding subband (solid line). For comparison, a Gaussian
with matching standard deviation is also displayed (thin dashed
line). Note that the synthesized samples have conspicuous non-
Gaussian marginal characteristics, exemplified by the highpeak
and heavy tails, similar to the image subbands. On the other hand,
the synthesized coefficients are typically less kurtotic than the
real subbands. The shape of these marginal densities is dictated
by thez field, which is a hGMRF transformed with a point-wise
exponential link function. An alternative choice of link function
could be used to create distributions closer to the observedwavelet
subbands.

In addition to the marginal statistics, the FoGSM model also
has joint behaviors that are similar to those observed in multi-
scale coefficients of photographic images. Shown in Fig. 4 are
the joint and conditional histograms of synthesized samples from
the FoGSM model estimated from the same subband used to
generate the histograms in Fig. 1. Note that histograms of the
synthesized samples have a dependence on spatial proximity
similar to those of the image data shown in Fig. 1. This behavior
arises directly from the structure of the FoGSM model. The
random fieldz is smooth, and thus nearby components have nearly
identical marginal variance, resulting in an ellipticallycontoured
joint density, and strong dependency between coefficients. This
dependency is propagated from neighborhood to neighborhood
in the FoGSM model, but weakens with distance. On the other
hand, note that the dependencies between coefficients representing
different orientations or scales are not properly modeled, because
we have used an independent FoGSM to model each subband.
This is evident when comparing the fourth and the fifth columns
of Figs. 4 and 1.

Finally, Fig. 5 shows samples ofu, logz, andx drawn according
to a FoGSM model whose parameters were fit to the subband
shown in Fig. 2. Theu field resembles that of the subband, but
thez field is seen to lack the extended structures seen in the data.
Thus, the FoGSM model fails to fully capture the inhomogeneous
long-range interactions that arise in images around contours or
extended features.
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lo
g

p(
x)

Fig. 3. Marginal log distributions of coefficients from a multi-scale decomposition of four photographic images (dashed line), synthesized FoGSM samples
from the same subband (solid line), and a Gaussian with the same standard deviation (thin dashed line).

close∆ = 1 near∆ = 4 far ∆ = 32 orientation scale

Fig. 4. Joint distribution of pairs of subband coefficients obtained from samples drawn from the best-fitting FoGSM model. See the caption of Fig. 1 for
explanation.

x u logz

Fig. 5. A sample from the hGMRFs with parameters shown in Fig.2.

V. A   

As a probability model for photographic images, FoGSM may
be used as a prior for Bayesian estimation of an image given an
observation corrupted by additive white Gaussian noise of known
variance. In addition to its practical relevance, image denoising
is a simple yet powerful test for the effectiveness of an image
model, providing a clear quantitative test of how well the model
can differentiate photographic image content from noise.

A. Algorithm

We follow a conventional methodology, decomposing the noise-
corrupted image into wavelet subbands, computing an estimate
of the coefficients of each subband using the FoGSM model as
a prior, and then generating the denoised image by applying the

inverse wavelet transform to the denoised subbands. Since the
wavelet transform is linear, we may writey = x+w for a wavelet
subband of the noisy image, wherex is the clean wavelet subband
and w is the noise that is added to the subband. Note that in
an over-complete representation such as steerable pyramid, white
Gaussian noise in the image domain is transformed into correlated
Gaussian noise, whose covariance can be computed from the basis
functions of the transform.

A standard approach to denoising is to formulate it as a
Bayesian inference problem, selecting an estimate based onthe
posterior densityp(x|y), which is proportional to the product of
the likelihood function p(y|x) and the image priorp(x). Two
solutions are common. Themaximum a posterior(MAP) estimate
is the mode of the posterior density,x̂MAP = argmaxx log p(x|y),
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whereas theBayesian least square(BLS) estimate, which min-
imizes the expected square error between the restored image
and the original image, is the mean of the posterior density
x̂BLS = E(x|y). Both of these solutions involve computationally
expensive (high-dimensional) integration when used with FoGSM
model. Specifically, MAP requires a high-dimensional integral
over z, while BLS requires high-dimensional integrals over both
x andz.

Although it is possible to obtain approximations to these
solutions using Markov chain Monte-Carlo sampling [26] or vari-
ational approximations [35], we instead develop a deterministic
algorithm that takes advantage of the hGMRF structure of the
FoGSM model. Specifically, we compute

(x̂, ẑ) = argmax
x,z

log p(x, z|y) (13)

and then takêx as the denoised subband. This strategy, known as a
“partial optimal solution” [36], greatly reduces the computational
complexity of the problem. The solution to the optimization
problem in Eq. (13) is found by coordinate ascent. Starting with
initial values forx and z, the algorithm proceeds by alternating
between the following steps:

1) Optimization ofx: Given the current estimate ofz, the
optimization ofx in (13) can be expanded using Bayes’ rule:

argmax
x

log p(x, z|y)

= argmax
x

{

log p(y|x, z) + log p(x|z) + log p(z) − log p(y)
}

= argmax
x

{

log p(y|x) + log p(x|z)
}

,

where the first term is simplified becausey andz are independent
when conditioned onx, and the last two terms are dropped
because they do not depend onx. Given the Gaussian structure
of the first two terms, the maximum is linear iny (equivalent
to a Wiener filter). Specifically, we must minimize a quadratic
expression:

argmin
x















(y − x)T C(Cw)−1(y − x)

+ xT D(
√

z)−1C(Qu) D(
√

z)−1x

where the noise covarianceC(Cw) is a block-circulant matrix de-
termined by a generating kernelCw that represents the convolution
by which the subband is obtained from the image pixels. Note
that althoughC(Cw) may be sparse (zero beyond the support of
the filters), the inverse ofC(Cw) can still be dense. It is therefore
computationally advantageous to work withC(Cw) rather than its
inverse. For this reason, we introducet = C(Cw)−1x, and find the
optimal t by solving

argmin
t















(y − C(Cw)t)T C(Cw)−1(y − C(Cw)t)

+ tT C(Cw)T D(
√

z)−1C(Qu) D(
√

z)−1C(Cw)t

or, expanding the first line, and dropping the term independent of
t:

argmin
t















tT C(Cw)t − 2yT t

+ tT C(Cw)T D(
√

z)−1C(Qu) D(
√

z)−1C(Cw)t

Note that this the objective function is quadratic int, guaranteeing
a global optimal solution. We compute the optimum using con-
jugate gradient descent, and then recover the optimalx through
the relationship̂x = C(Cw)t̂.

2) Optimization ofz: Given the current estimate ofx, the
optimization ofz in (13) can be written as

argmax
z

log p(x, z|y) =

argmax
z

{

log p(y|x, z) + log p(x, z) − log p(y)
}

.

The last term may be dropped because it is independent ofz, and
the first term is dropped sincey is independent ofz when condi-
tioned onx. Thus, the problem is reduced to argmaxz log p(x, z),
which may be computed as in step (i) of the learning procedure
of Sec. III-A.

3) Acceleration: The alternating optimization ofx and z is
guaranteed to converge to a local optimum of the objective
function in Eq. (13), but the convergence speed can be very slow.
To accelerate convergence, we include a heuristic “inertial” step
after every two steps of the optimization loop. Specifically, the
algorithm takes a step in the direction established by the optimal
values of the previous two iterations, with the step size optimized
according to:

{x̂(k+1), ẑ(k+1)} =
argmax
α∈(0,αmax)

log p
(

x̂(k) + α(x̂(k) − x̂(k−1)), ẑ(k) + α(ẑ(k) − ẑ(k−1))
∣

∣

∣ y)

Intuitively, such a jump ensures that the optimization doesnot
oscillate back and forth within a narrow valley of the objective
function. In practice, as shown in the following experiments, it
achieves a substantial reduction in the overall running time of the
algorithm.

4) Parameter estimation (optional):The denoising algorithm
described thus far assumes the model parametersQu and Qz are
known. These model parameters can be learned as ageneric
statistical model for wavelet coefficients from a large set of noise-
free photographic images using the algorithm provided in Section
III-A. The advantage of a generic image model approach is that
the training can be performed offline, which may greatly reduce
the overall running time. Alternatively, these parameterscan be
adaptively learned by including a parameter estimation step in the
loop of the denoising algorithm

(Q̂(k)
u , Q̂

(k)
z ) = argmax

Qu,Qz

log p(x̂(k), ẑ(k)|y; Qu,Qz) (14)

as in Section III-A. The FoGSM model parameters (Qu,Qz) are
estimated from hGMRFs

[

x ⊘
√

ẑ(k)
]

and
[

logz(k)
]

, as in steps (ii)
and (iii) of Eq. (7). Adaptively learning the parameters allows
the model to better account for the local structure of the image
in question, thus potentially leading to better performance. We
compare the relative performance of these two training schemes
in the following experiments.

B. Experimental setup

We evaluated the FoGSM denoising method on a set of standard
grayscale test images [17]. All images are of size 256× 256
or 512× 512 pixels and in 8-bit TIFF format. Noisy images
were generated by adding simulated white Gaussian noise. We
evaluate the denoising performance by visual inspection, as well
as the conventional objective performance known as peak-signal-
to-noise-ratio (PSNR), defined as 20 log10(255/σe), with σe the
standard deviation (computed by averaging over spatial position)
of the difference between the restored image and the original
image.
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Each noise-corrupted image was first decomposed into a steer-
able pyramid with multiple scales (5 levels for a 512×512 image
and 4 levels for a 256× 256 image) and 8 orientations. These
values were chosen empirically as a trade-off between denoising
performance and computational load. The resulting representation
is approximately 11 times over-complete, relative to the original
image size. The Markov neighborhoods for hGMRFsu and logz
were both chosen to cover 5× 5 blocks of coefficients, since
this was found to be optimal for representation of clean images.
We verified that this specific choice was also roughly optimal
for the best denoising performances across different images and
noise levels. The model parameters were obtained by training
the FoGSM model adaptively for each subband as described in
Section V-A, with initial parameter values chosen to represent
a smooth and isotropic GMRF. The initial values ofx andz are
computed from subband denoised with the local GSM model [17].

C. Results

Denoising results for six test images, at seven different noise
levels, are reported in Table I. The standard deviations of PSNR
values for each image and noise level, computed by repeating
the each denoising experiment 10 times with different samples of
noise, are consistently lower than 0.1dB. In addition to the results
for our FoGSM algorithm, we also provide denoising results of the
BLS-GSM method [17]. This algorithm computes the Bayes least
squares estimate (i.e., conditional mean) of individual coefficients
based on a local GSM model. The comparison with FoGSM
allows us to assess the gain in performance that is obtained
by building a global model. We employed the implementation
described in [17], which assumes a neighborhood consistingof
3 × 3 spatial neighbors plus a “parent” coefficient in the next
coarsest scale2. Finally, we provide results of the current state-of-
the-art denoising method, BM3D [37]. The PSNR values for these
methods were directly taken from corresponding publications.
Note that the FoGSM algorithm achieves consistent improve-
ments in PSNR over the local GSM based algorithm (average
improvement is 0.52dB), clearly demonstrating the advantage of
a globally consistent statistical model. On the other hand,the
performance of the FoGSM method is comparable (sometimes
better, sometimes worse) to that of BM3D, which is not based
on any explicit statistical model. In general, BM3D relies on the
image containing repeating patterns (specifically, many blocks of
pixels that are similar). Thus it performs best on images with large
regions of the same texture (e.g., “Barbara”), or long contours
of similar orientation (e.g., “House”), and performs less well on
images with diverse content (e.g., “boats”, or ”Lena”).

In Fig. 6 we plot the PSNR performance of four recent
denoising methods relative to that of FoGSM. The perfor-
mance of FoGSM is consistently better than those of the kSVD
method [39], the BLS-GSM method [17], and the fields of experts
(FoE) [27], and (on average) comparable to those of BM3D [37],
which currently represents the state-of-the-art.

Next, we examine and compare the denoising results visu-
ally. Shown in Fig. 7 and Fig. 9 are the results of denoising
the “Barbara” image and the “boats” image with noise level
σ = 50, corresponding to a peak-signal-to-noise-ratio (PSNR)

2A MAP based denoising algorithm based on the local GSM model was
developed in [38]. However, its performance was significantly worse than the
BLS method published in [17].

of 14.15 dB. We have chosen a relatively high level of noise,
in order to provide a clear visualization of the capabilities and
limitations of the model. To better examine the details of the
denoising results, we show in Fig. 8 and 10 cropped regions of
each of the corresponding images in Fig. 7 and 9, respectively.
For these examples, the FoGSM denoising achieves substantial
improvements (+0.95 and+0.68 dB) and is seen to exhibit higher
contrast and continuation of oriented features. However, FoGSM
also introduces some noticeable artifacts in low contrast regions,
which are likely due to failures of the FoGSM model to captureall
statistical properties of photographic image wavelet coefficients.
For example, coefficient amplitudes are known to be correlated
across scale (see Fig. 4, right panel). If represented properly, this
correlation should allow the denoising algorithm to recognize
isolated large coefficients as noise, since (unlike photographic
images) they will not have corresponding large-amplitude co-
efficients in adjacent bands. But the current model treats each
subband independently, thus allowing these isolated coefficients to
remain as unsuppressed artifacts. In addition, these artifacts may
also be aggravated by the use of a MAP-like estimator. A local
MAP-GSM estimator produces similar unsuppressed coefficients,
when compared to the smoother behavior of the local BLS-GSM
estimates.

The denoising performance obtained with FoGSM is attained
with a substantial computational cost. As a rough indication, our
unoptimized M code, running on an Intel workstation with
2.6 Ghz dual Opteron 64-bit processor and 16 Gb RAM memory,
takes on average of 97.3 mins (results averaging over 9 trials,
with a range of [71.8,124.4] mins) to denoise a 512× 512 image
at noise levelσ = 50, and takes on average of 35.3 mins (result
averaging over 4 images, with a range of [28.4, 47.9] mins), to
denoise a 256×256 image at the same noise level. It is likely these
values could be improved by incorporating additional acceleration
heuristics.

D. Algorithm variations

In order to understand the contribution of various aspects of
the FoGSM-based denoising method, we examined their relative
effect on the denoising performance. Shown in Table II are the
changes in PSNR and running time when various features of the
method are modified. All results are for noise levelσ = 50
and averaged over three 512× 512 images (“boats”, “Lena”,
“Barbara”). The first two columns correspond to modifications of
the front-end representation. The first (ortho wvlt) corresponds to
using an approximately orthogonal wavelet decomposition based
on quadrature mirror filters [40]. The separable QMF pyramid
splits the image frequency domain into horizontal, vertical and
mixed diagonal subbands. Using this representation results in a
substantial reduction in performance, which we believe is partly
due to the mixed orientations in the diagonal band, and partly
due to the lack of over-completeness which generally improves
denoising [41], [42].

The second column (4 orns) shows the result of using steerable
pyramid decomposition with only four orientations (instead of
eight). Decreasing the number of orientations leads to a significant
drop in performance, accompanied by a substantial reduction
in running time. On the other hand, increasing the number of
orientations (not shown) leads to small improvements in PSNR,
at the expense of considerable computation cost.
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Fig. 6. Performance comparison of denoising methods for three different images. Plotted are differences in PSNR for different input noise levels (σ) between
FoGSM and four other methods (� BM3D [37], ⋆ BLS-GSM [17], � kSVD [39] andN FoE [27]). The PSNR values for these methods were taken from
corresponding publications.

original image noisy image (σ = 50) (PSNR= 14.15dB)

local GSM [17] (PSNR= 25.45dB) FoGSM (PSNR= 26.40dB)

Fig. 7. Denoising results using local GSM [17] and FoGSM.
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σ/PSNR
Barbara 512× 512 boats 512× 512 hill 512× 512

FoGSM GSM BM3D FoGSM GSM BM3D FoGSM GSM BM3D
5/34.15 38.65 37.79 38.31 37.39 36.97 37.28 37.16 36.91 37.14
10/28.13 35.01 34.03 34.98 34.12 33.58 33.92 33.78 33.38 33.62
15/24.61 32.85 31.86 33.11 32.31 31.70 32.14 31.99 31.51 31.86
25/20.17 30.10 29.13 30.72 30.03 29.37 29.91 29.91 29.37 29.85
50/14.15 26.40 25.48 27.17 27.01 26.38 26.64 27.38 26.82 27.08
75/10.63 24.29 23.65 25.10 25.33 24.79 24.96 25.93 25.46 25.58
100/8.13 23.01 22.61 23.49 24.20 23.75 23.74 24.88 24.53 24.45

σ/PSNR
house 256× 256 Lena 512× 512 peppers 256× 256

FoGSM GSM BM3D FoGSM GSM BM3D FoGSM GSM BM3D
5/34.15 38.98 38.65 39.83 38.66 38.49 38.72 37.91 37.30 38.12
10/28.13 35.63 35.35 36.71 35.94 35.61 35.93 34.38 33.73 34.68
15/24.61 33.89 33.64 34.94 34.28 33.90 34.27 32.34 31.70 32.70
25/20.17 31.64 31.40 32.86 32.11 31.69 32.08 29.78 29.18 30.06
50/14.15 28.51 28.26 29.37 29.12 28.61 28.86 26.43 25.93 26.41
75/10.63 26.69 26.41 27.20 27.37 26.84 27.02 24.53 24.11 24.48
100/8.13 25.33 25.11 25.50 26.12 25.64 25.57 23.17 22.80 22.91

TABLE I

C  FGSM       BLS-GSM [17],     BM3D  [37],  

  ---. P     PSNR, 20 log10(255/σe),  σe         

     . N                . C 

         0.1dB (      PSNR)    .

original image noisy image (σ = 50) BLS-GSM FoGSM
(PSNR= 14.15dB) (PSNR= 25.45dB) (PSNR= 26.40dB)

Fig. 8. Zoom-up regions of the images in Fig. 7.

ortho wvlt 4 orns 3× 3 nb 7× 7 nb gen param no accl
∆PSNR (dB) -0.47 -0.32 -0.07 -0.17 -0.39 0.01
∆t/t (%) -62.8 -52.6 -1.2 2.5 -41.7 163.8

TABLE II

E    . ∆PSNR    PSNR       . ∆/  

                 S V-C. A     

512× 512  (“”, “L ”, “B ”)     σ = 50.

In the next three columns, we examine the effects in the
FoGSM model structure. We first compared the effect of different
choices of MRF neighborhood size (3× 3 and 7× 7). As
shown, changing neighborhood size has relatively little effect
on the overall running time, but the PSNR values were lower
for both neighborhood sizes, justifying our choice of the 5× 5
neighborhood (at least for this image and noise level). In the
fifth column (gen param), we compared the result of off-line
training of the (Qu,Qz) parameters of the FoGSM model on a

set of noise-free images (not including the three test images).
This leads to a significant reduction in the computational cost of
denoising an image, since the parameter learning step no longer
needs to be included in the denoising process. However, this
is accompanied by a significant loss in denoising performance
(an average PSNR reduction of approximately 0.4dB), since the
generically learned model parameters are less adapted to the
idiosyncrasies of the specific image/subband being denoised. The
last column (no accel) shows that the accelerating heuristics
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original image noisy image (σ = 50) (PSNR= 14.15dB)

local GSM [17] (PSNR= 26.34dB) FoGSM (PSNR= 27.02dB)

Fig. 9. Denoising results using local GSM [17] and FoGSM. Performances are evaluated in peak-signal-to-noise-ratio (PSNR), 20 log10(255/σe), whereσe
is the standard deviation of the error between the restored image and the original image.

original image noisy image (σ = 50) BLS-GSM FoGSM
(PSNR= 14.15dB) (PSNR= 26.34dB) (PSNR= 27.01dB)

Fig. 10. Zoom-up regions of the images in Fig. 9.

introduced in previous section significantly improve the running
time of the denoising procedure, while having a negligible effect
on PSNR.

VI. RM

The local GSM model that underlies the FoGSM is closely
related to other local hidden variable models for images [5], [16],
[8], [31], [44], [43]. However, the use of MRFs in the FoGSM
allow it to extend to images of arbitrary size in a statistically
consistent way, while the local scale mixture models are essen-
tially confined to describing small image patches. The underlying

MRF structure of the hidden variables in the FoGSM model also
differentiates it from mixture models with tree-structured hidden
variables [19], [20]. These models have the advantage of explicitly
capturing cross-band dependencies, but they suffer from spatial
inhomogeneities introduced by the tree partitioning.

As a global MRF-based image model, the basic architecture
of FoGSM differs from existing non-Gaussian MRF image mod-
els [21], [23], [24], [27] in that it is not defined by specification
of clique potentials, but through non-linear composition of two
hGMRFs. On the other hand, FoGSM has some resemblance to
the compound Gauss-Markov random fields model for images
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[22], which is formed by modulating a homogeneous GMRF
with a binary line process that indicates the existence of an
edge between two spatial locations [21]. A modified version,
proposed in [36], treats the hidden variables as independent. This
simplifies computation, but may lead to a loss in performancein
applications.

VII. D 

We have introduced fields of Gaussian scale mixtures as a
flexible and efficient tool for modeling the statistics of wavelet
coefficients of photographic images. We developed a feasible pa-
rameter estimation method, and showed that samples synthesized
from the fitted FoGSM model are able to capture structures in
the marginal and joint wavelet statistics of photographic images.
And we have applied the FoGSM to image denoising, and
demonstrated performance comparable to current state-of-the-art
denoising methods.

We envision, and are currently working on, a number of
improvements. First, the model should benefit from the introduc-
tion of more general Markov neighborhoods, including wavelet
coefficients from subbands at other scales and orientations [6],
[17], since the current model is clearly not capturing these
dependencies. A natural means of achieving this is to allow
different subbands to share the same hidden scaling field, although
this may substantially complicate the learning and inference
algorithms. A possible remedy is to capture these cross-scale
dependencies with a coarse-to-fine conditional model. Second, the
logarithmic link function used to derive the multiplier field from
a hGMRF was chosen somewhat arbitrarily, and we believe that
substitution of another non-linear transformation (e.g., a power
law, as in [19]) could lead to a more accurate description of
marginal and joint image statistics. Finally, there exist residual
inhomogeneous structures in both theu and logz fields (see
Fig. 2) that can likely be captured by explicitly incorporating local
orientation [45] or phase [46] into the model. Finding tractable
models and algorithms for handling such angular variables is chal-
lenging, but we believe their inclusion will result in substantial
improvements in modeling and in denoising performance.

A A: C    

Given ad-dimensional vector (known as agenerating kernel)

q = (q−⌊d/2⌋, · · · , q−1, q0, q1, · · · , q⌊d/2⌋−1)T ,

a d × d circulant matrix is constructed as

C(q) =















































q0 q1 q2 · · · q−1

q−1 q0 q1 · · · q−2

q−2 q−1 q0 · · · q−3
...

...
...
. . .

...

q1 q2 q3 · · · q0












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































.

The rows ofC(q) are circularly shifted copies ofqT , and multi-
plication of C(q) with a d-dimensional vectoru is equivalent to
convolving vectorsq and u, with circular (Dirichlet) boundary
handling. The basis functions of thed-sample discrete Fourier
transform (DFT) form a complete set of eigenvectors for any
circulant matrix, regardless of the choice of generating kernel q.
Thus, an alternative means of multiplying by the matrixC(q)
(generally known as theconvolution theorem) is

C(q) = FD(q̃)F†

whereF is a matrix containing the DFT basis,F† is the complex-
conjugated transpose (used to compute the forward DFT), and
D(q̃) is a diagonal matrix containing thed-point DFT of q.
Since the DFT may be implemented withO(d logd) operations,
this expression often provides an efficient implementation of
convolution withq.

Representation of two-dimensional convolutions (e.g., for im-
ages) requires a second-order circulant (also calledblock circu-
lant) matrix, which can be constructed by recursively applying
the circulant structure. Analogous to the circulant matrix, the two-
dimensional DFT of the shifted symmetric reflection ofQ are the
eigenvalues ofC(Q), and the corresponding two-dimensional DFT
basis vectors are the eigenvectors. And again, the convolution
theorem provides an efficient means of implementing matrix
multiplication by the circulant matrix. For a full account of
the properties and computations of circulant and block circulant
matrices, readers are referred to [47].

A B: P L  2D GMRF

A zero-mean 2D hGMRFu of dimensionN×M is completely
determined by the generating kernelQ of its block circulant
precision matrix. The density ofu can be expressed as:

p(u) =

√

| C(Q)|
(2π)MN

exp

(

−1
2

uT C(Q)u
)

where we have abused notation a bit by usingu to represent the
vectorized MRF. Assuming a rectangular Markov neighborhood
of size N′ × M′, whereM′ ≪ M and N′ ≪ N, estimation ofQ
corresponds to the determination of the centralN′ × M′ entries
(all others must be zero).

Given a set of independent samples ofu, {uk}Kk=1, the generating
kernel Q can be estimated by maximizing the log likelihood:

L(Q) =

K
∑

k=1

log p(uk)

=
K
2

log | C(Q)| − KMN
2

log 2π − 1
2

K
∑

k=1

uT

k C(Q)uk.

Using the eigen-decomposition property of block-circulant matrix,
and neglecting the constant term, we can write a modified
likelihood function as:

L̃(Q) =
K
2

log |FD(Q̃)F†| − 1
2

K
∑

k=1

uT
k FD(Q̃)F†uk

=
K
2

log | D(Q̃)| − 1
2

K
∑

k=1

ũT

kD(Q̃)ũk,

=
K
2

MN
∑

i=1

log Q̃i −
1
2

MN
∑

i=1

Q̃i

K
∑

k=1

(ũk)
2
i .

whereũ = F†u, the DFT ofu. The optimalQ is then obtained by
maximizing L̃(Q) subject to the constraint that the solution must
be a symmetric and positive definite matrix. It can be shown
that L̃(Q) is a convex function, and the constraints form a convex
set in the feasible space ofQ. Thus, solving for the optimal
Q is a convex optimization problem and there are a variety of
iterative solutions that are guaranteed to converge to the global
optimum [48].
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A C: S 2D GMRF

A sample of a zero-mean 2D hGMRFu of dimensionN × M
with precisionC(Q) can be obtained from a sample of white
Gaussian noisew of the same dimension, by computing

u = FD
(
√

Q̃

)−1

F†w, (15)

That is, compute the DFT of the noise, divide (element-wise)by
the square root of the DFT of the desired generating kernel,Q̃,
and then invert the DFT. A similar algorithm has been used for
texture synthesis [49] as well as for Monte Carlo sampling for
image restoration [50].

It is easy to verify that the resulting MRF has the desired
covariance structure:

E
(

uuT
)

= E















FD
(
√

Q̃

)−1

F†wwTF†D
(
√

Q̃

)−1

F















= FD
(
√

Q̃

)−1

F†E
(

wwT
)

F†D
(
√

Q̃

)−1

F

= FD
(

Q̃
)−1

F† = C(Q)−1,

where we have used the Hermitian property of matrixF and the
fact thatE(wwT) = I .

R

[1] P. Burt and E. Adelson, “The Laplacian pyramid as a compact image
code,” IEEE Transactions on Communication, vol. 31, no. 4, pp. 532–
540, 1981.

[2] D. J. Field, “Relations between the statistics of natural images and
the response properties of cortical cells,”Journal of Optical Society of
America, vol. 4, no. 12, pp. 2379–2394, 1987.

[3] S. G. Mallat, “A theory for multiresolution signal decomposition,” IEEE
Transactions on Pattern Analysis and Machine Intelligence, vol. 11, pp.
674–697, 1989.

[4] J. Shapiro, “Embedded image coding using zerotrees of wavelet coeffi-
cients,” IEEE Trans Sig Proc, vol. 41, no. 12, pp. 3445–3462, December
1993.

[5] E. P. Simoncelli, “Statistical models for images: Compression, restora-
tion and synthesis,” inProc 31st Asilomar Conf on Signals, Systems
and Computers, vol. 1. Pacific Grove, CA: IEEE Computer Society,
November 2-5 1997, pp. 673–678.

[6] R. W. Buccigrossi and E. P. Simoncelli, “Image compression via joint
statistical characterization in the wavelet domain,”IEEE Trans Image
Proc, vol. 8, no. 12, pp. 1688–1701, December 1999.

[7] E. P. Simoncelli and E. H. Adelson, “Noise removal via Bayesian
wavelet coring,” inProc 3rd IEEE Int’l Conf on Image Proc, vol. I.
Lausanne: IEEE Sig Proc Society, September 16-19 1996, pp. 379–382.

[8] A. Hyvärinen, P. O. Hoyer, and M. Inki, “Topographic ICAas a model
of natural image statistics,” inthe First IEEE Int’l. Workshop on Bio.
Motivated Comp. Vis., London, UK, 2000.

[9] J. Huang and D. Mumford, “Statistics of natural images and models,”
in IEEE International Conference on Computer Vision and Pattern
Recognition (CVPR), 1999.

[10] P. Gehler and M. Welling, “Products of “edge-perts”,” in Advances in
Neural Information Processing Systems (NIPS), Y. Weiss, B. Schölkopf,
and J. Platt, Eds. Cambridge, MA: MIT Press, 2006, pp. 419–426.

[11] A. Srivastava, X. Liu, and U. Grenander, “Universal analytical forms for
modeling image probability,”IEEE Transactions on Pattern Analysis and
Machine Intelligence, vol. 28, no. 9, pp. 217–232, 2002.

[12] Y. Teh, M. Welling, and S. Osindero, “Energy-based models
for sparse overcomplete representations,”Journal of Machine
Learning Research, vol. 4, pp. 1235–1260, 2003. [Online]. Available:
citeseer.ist.psu.edu/teh03energybased.html

[13] L. Parra, C. Spence, and P. Sajda, “Higher-order statistical properties
arising from the non-stationarity of natural signals,” inAdvances in
Neural Information Processing Systems 13. Cambridge, MA: MIT
Press, 2000.

[14] L. Sendur and I. W. Selesnick, “Bivariate shrinkage functions for
wavelet-based denoising exploiting interscale dependency,” IEEE Trans.
on Signal Processing, vol. 50, no. 11, pp. 2744–2756, 2002.

[15] D. F. Andrews and C. L. Mallows, “Scale mixtures of normal distribu-
tions,” Journal of the Royal Statistical Society, Series B, vol. 36, no. 1,
pp. 99–102, 1974.

[16] M. J. Wainwright and E. P. Simoncelli, “Scale mixtures of Gaussians and
the statistics of natural images,” inAdv. Neural Information Processing
Systems (NIPS*99), S. A. Solla, T. K. Leen, and K.-R. Müller, Eds.,
vol. 12. Cambridge, MA: MIT Press, May 2000, pp. 855–861.

[17] J. Portilla, V. Strela, M. J. Wainwright, and E. P. Simoncelli, “Image
denoising using a scale mixture of Gaussians in the wavelet domain,”
IEEE Trans Image Processing, vol. 12, no. 11, pp. 1338–1351, Novem-
ber 2003.

[18] J. Guerrero-Colon, L. Mancera, and J. Portilla, “Imagerestoration using
space-variant Gaussian scale mixtures in overcomplete pyramids,” IEEE
Transactions on Image Processing, vol. 17, no. 1, pp. 27–41, January
2008.

[19] M. J. Wainwright, E. P. Simoncelli, and A. S. Willsky, “Random cas-
cades on wavelet trees and their use in modeling and analyzing natural
imagery,”Applied and Computational Harmonic Analysis, vol. 11, no. 1,
pp. 89–123, July 2001.

[20] J. Romberg, H. Choi, and R. Baraniuk, “Bayesian tree-structured image
modeling using wavelet-domain hidden Markov models,”IEEE Trans.
Image Proc., vol. 10, no. 7, July 2001.

[21] S. Geman and D. Geman, “Stochastic relaxation, Gibbs distributions,
and the Bayesian restoration of images,”IEEE Transactions on Pattern
Analysis and Machine Intelligence, vol. 6, pp. 721–741, 1984.

[22] F. Jeng and J. Woods, “Compound Gauss-Markov random fields for
image estimation,”IEEE Transaction on Signal Processing, vol. 39,
no. 3, pp. 683–697, 1991.

[23] S. C. Zhu, Y. Wu, and D. Mumford, “Filters, random fields and
maximum entropy (FRAME): Towards a unified theory for texture
modeling,” International Journal of Computer Vision, vol. 27, no. 2,
pp. 107–126, 1998.

[24] W. T. Freeman, E. C. Pasztor, and O. T. Carmichael, “Learning low-
level vision,” International Journal of Computer Vision, vol. 40, no. 1,
pp. 25–47, October 2000.

[25] M. Tappen, C. Liu, E. Adelson, and W. Freeman, “LearningGaussian
conditional random fields for low-level vision,” inIEEE Conference on
Computer Vision and Patten Recognition (CVPR), 2007, pp. 1–8.

[26] P. Winkler, Image Analysis, Random Fields And Markov Chain Monte
Carlo Methods, 2nd ed. Springer, 2003.

[27] S. Roth and M. Black, “Fields of experts: A framework forlearning
image priors,” in IEEE Conference on Computer Vision and Patten
Recognition (CVPR), vol. 2, 2005, pp. 860–867. [Online]. Available:
citeseer.ist.psu.edu/729276.html

[28] S. Lyu and E. P. Simoncelli, “Statistical modeling of images with fields
of Gaussian scale mixtures,” inAdv. Neural Information Processing
Systems 19, B. Schölkopf, J. Platt, and T. Hofmann, Eds., vol. 19.
Cambridge, MA: MIT Press, May 2007.

[29] E. P. Simoncelli, W. T. Freeman, E. H. Adelson, and D. J. Heeger,
“Shiftable multi-scale transforms,”IEEE Trans Information Theory,
vol. 38, no. 2, pp. 587–607, March 1992, special Issue on Wavelets.

[30] B. Wegmann and C. Zetzsche, “Statistical dependenciesbetween orien-
tation filter outputs used in human vision based image code,”in Visual
Communication and Image Processing, vol. 1360, 1990, pp. 909–922.

[31] M. Welling, G. E. Hinton, and S. Osindero, “Learning sparse topographic
representations with products of Student-t distributions.” in Advances in
Neural Information Processing Systems (NIPS), 2002, pp. 1359–1366.

[32] H. Rue and L. Held,Gaussian Markov Random Fields: Theory And
Applications, ser. Monographs on Statistics and Applied Probability.
Chapman and Hall/CRC, 2005.

[33] J. Portilla, V. Strela, M. J. Wainwright, and E. P. Simoncelli, “Adaptive
Wiener denoising using a Gaussian scale mixture model in thewavelet
domain,” in Proc 8th IEEE Int’l Conf on Image Proc, vol. II. Thessa-
loniki, Greece: IEEE Computer Society, Oct 7-10 2001, pp. 37–40.

[34] W. H. Press, S. A. Teukolsky, W. T. Vetterling, and B. P. Flannery,
Numerical Recipes, 2nd ed. Cambridge, 2002.

[35] M. I. Jordan, Z. Ghahramani, T. Jaakkola, and L. K. Saul,“An
introduction to variational methods for graphical models,” Machine
Learning, vol. 37, no. 2, pp. 183–233, 1999. [Online]. Available:
citeseer.ist.psu.edu/jordan98introduction.html
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