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Separable Markov Random Field Model and Its
Applications in Low Level Vision
Jian Sun Member, IEEE, and Marshall F. Tappen Member, IEEE

Abstract—This work proposes a continuously-valued Markov
Random Field (MRF) model with separable filter bank, denoted
as MRFSepa, which significantly reduces the computational
complexity in the MRF modeling. In this framework, we design a novel gradient-based discriminative learning method to
learn the potential functions and separable filter banks. We
learn MRFSepa models with 2-dimensional and 3-dimensional
separable filter banks for the applications of gray-scale/color
image denoising and color image demosaicing. By implementing
MRFSepa model on Graphics Processing Unit (GPU), we achieve
real-time image denoising and fast image demosaicing with high
quality results.
Index Terms—Markov random field; Separable filter; Discriminative learning; Image denoising; Image demosaicing.

I. I NTRODUCTION
Markov Random Field (MRF) is an important natural image
prior which attempts to model the statistical distribution of natural images. Modern MRF models, e.g., the Field of Experts
(FoE) model [1], exploit the high-order dependency of image
features by learning the distribution of image responses to a set
of high-pass linear filters. By jointly learning the filter banks
and distribution parameters from natural images, MRF models
have been successfully applied to image restorations [1], [2].
The MRF model of image is commonly defined over the
random field of image grids G = {V, E}, where V is the set
of graph nodes representing image pixels and E denotes the
edges among the graph nodes (i.e., pixels) which is determined
by the neighborhood system of image. We define x = (xv )v∈V
as the set of random variables for the graph nodes, and each
xv represents the image feature, e.g., gray-scale/color value,
for the corresponding pixel. In this work, we focus on the
continuously-valued MRF model, in which xv is defined as
the continuous random variable. Based on the HammersleyClifford theorem in MRF theory, the prior distribution of
image obeys the Gibbs distribution:
1 ∏
p(x) =
exp(−Vc (x; Θ))
(1)
Z(Θ)
c∈C
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C is the set of cliques of random field G determined by a
neighborhood system. Z(Θ) is the partition function, Vc (x; Θ)
is the potential function defined on the clique c, and Θ is the
set of parameters. In the Field-of-Experts (FoE) model [1], the
image Gibbs distribution is modeled as
∏∏
1
Φi ((Ji ∗ x)k ; αi )
Z({Ji , αi })
i=1
N

p(x) =

(2)

k

where Ji is the filter and αi is the parameter of potential
function. The clique c is defined to be square patch around
each pixel. (Ji ∗ x)k indicates the value of pixel k in the
convolution result of image x with filter Ji . This prior distribution models the joint distribution of image responses to
a set of linear filters. Φi is modeled as the heavy-tailed (e.g.,
Student-T) distribution with parameter αi for each filter Ji .
The training of MRF is to learn the filter bank {Ji } and
model parameters {αi }. The inference of MRF is to apply the
MRF prior to specific applications by Maximum-A-Posteriori
(MAP) estimation in Bayesian framework.
The previous work on FoE-based MRF model focus on the
formulation of MRF model [3], [4] or the training methods
to learn the model parameters [1], [5]. The sampling-based
training methods [1], [5] learn the generic image prior by
sampling-based contrastive divergence from a set of natural
images. The discriminative training methods [2], [6] directly
learn the optimal MRF model for specific applications by
minimizing the loss function defined over a training set of
degraded/ground-truth images. Most of these work predominantly learn an MRF model based on a 2-dimensional filter
bank for gray-scale image denoising. It is quite challenging
to learn the MRF model with a higher dimensional filter
bank for color image processing due to the large increase in
computational overhead in training.
The major computational overhead in FoE-based MRF
models comes from the convolution operations with the filter
bank. This work will show how the computation of MRF
models can be significantly accelerated using separable filter
bank, then the convolution operation in MRF model can be
reduced from O(m1 m2 · · · md ) to O(m1 + m2 + · · · + md ), mi
(i = 1, · · · , d) is the filter size in the i-th dimension. We denote
the MRF model with separable filter bank as MRFSepa model
in this paper. The performance of MRFSepa can be further
increased using the Graphic Processing Unit (GPU), taking
advantage of the fast implementation of separable convolution
on GPU.
Separable convolution [7], [8] is a widely used technique
in image processing and computer vision to achieve high
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speed image filtering, representation, etc. The basic motivation
of separable convolution is to approximate the non-separable
convolution by convolving the image with multiple separate
1-dimensional filters. However, it is non-trival to work with
separable filtering for Markov Random Field modeling. The
major challenges are, first, how to formally model the MRF
model with separable filtering? Second, how to optimally learn
the separable filter bank for MRF modeling? Third, how is the
performance of MRF model with separable filtering for different applications in both quality and speed? To answer these
questions, this work makes the following novel contributions:
• A general framework for MRF models with separable filters. This framework, which will be referred to
as the MRFSepa model, naturally models the prior of
2-dimensional image data (e.g., gray-scale image), 3dimensional image data (e.g., color image or gray-scale
video) or higher dimensional image data.
• A novel gradient-based discriminative training method
for learning the optimal separable filters and model
coefficients. As the experiments will show, this training
scheme can be used to find separable filters that perform
nearly as well, but can be applied much faster, compared
to non-separable filters.
• Demonstration of the effectiveness of MRFSepa model,
with both two-dimensional and three-dimensional separable filter banks, for the applications of gray-scale/color
image denoising, color image demosaicing. Our results
are mainly based on the implementation of this model
on GPU, and we achieved real-time image denoising and
fast image demosaicing with high-quality results.
To the best of our knowledge, we are the first work to
discriminatively learn the MRF prior with 3-D filter bank for
color image processing. In the previous work, learning an MRF
model with 3-D filter bank for color image processing has
been a challenge. The work in [9], [10] heuristically learned
the 3-D high-order filter bank for color image denoising
using statistics-based methods. To make the learning computationally tractable, the parameters are heuristically learned by
simplifying the partition function in [10] or only performing
one iteration of gradient descent in training to avoid the
sampling in [9].
II. S EPARABLE M ARKOV R ANDOM F IELD M ODEL
We define the separable MRF model, i.e., MRFSepa model,
as a FoE-based MRF model with separable filter bank. We
generally define it for the modeling of D-dimensional image
data I. Therefore, the separable filters {fi }N
i=1 in the model
are D-dimensional. The model are defined as
p(x; Θ) =

N
1 ∏ ∏
ϕ((fi ∗ I)k ; αi )
Z(Θ) k i=1

(3)

where x is the vectorization of I, (fi ∗ I)k denotes the kth pixel in the convolved image, N is the number of filters,
αi is the involved parameter. Assume that the D-dimensional
separable filter f is of size m1 × m2 · · · × mD , it can be
decomposed into the outer product of D one-dimensional

filters:
f = f D ◦ f D−1 · · · ◦ f 1 ,

(4)

d

where f is one-dimensional filter along the d-th dimension
of image I. The separable filter f can be seen as a D-th order
tensor that is the outer products of D one-dimensional filters.
For convenience of computation, we use matrix multiplication
to substitute the convolution of image I with f , i.e.,
f ∗ I = F x = F D F D−1 · · · F 1 x

(5)

where x is the vectorization of I, and F d x (d = 1, 2, ..., D)
denotes the matrix formulation for the convolution of 1dimensional filter f d with image I along its d-th dimension.
In this work, we utilize the Student-T distribution function
as the expert function ϕ [1], [2] to model the heavy-tailed
distributions of image responses to high-frequency filters, then
the MRFSepa model is
p(x; Θ) =

N
1 ∏ ∏
1
(1+ (FiD FiD−1 · · · Fi1 x)2k )−αi (6)
Z(Θ) k i=1
2

N
where Θ = {{Fid }D
d=1 , αi }i=1 is the parameter set to be
estimated in the training procedure, which will be discussed
in the next section.
The question now is how to apply this prior to image
processing tasks. Taking the MRFSepa model as a prior, the
restored image x can be estimated by Maximum-A-Posterior
in Bayesian framework: p(x|y, Θ) ∝ p(y|x)p(x; Θ), where y
is the observed image. The restored image x is inferred by

x̂ = arg min E(x; y, Θ) = arg min{− log p(y|x) − log p(x; Θ)}
x
x
(7)
where p(y|x) is the likelihood. This inference problem can be
optimized by gradient-based method. The gradient of energy
function with respect to image x can be written as
∂(− log p(y|x)) ∑
+
αi FiT Wi Fi x
∂x
i=1
N

g(x; Θ) =

(8)

1
P
where Fi = FiD FiD−1 · · · Fi1 and Wi = diag{ 1+ 1 (F
2 }
i x)k k=1
2
is a diagonal matrix with these terms as diagonal elements, P
is the total number of pixels. The multiplications of Fi and
FiT with an image are equivalent to the separable convolution
of the image with filter fi and its mirror respectively.
For denoising, the likelihood p(y|x) can be defined as the
Gaussian distribution modeling the white noise, then

g(x; Θ) = µ||x − y||2 +

N
∑

αi FiT Wi Fi x

(9)

i=1

where µ is a parameter balancing two energy terms; For
demosaicing, the aim is to fill in missing pixels, − log p(y|x) is
set to zero over unknown pixels since we have no information
over these pixels, then
g(x; Θ) =

N
∑

αi FiT Wi Fi x

(10)

i=1

Based on the above gradients, restored image x can be inferred
by iterative gradient-descent:
xt = xt−1 − g(xt−1 ; Θ)

(11)
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in which the step size in gradient descent is involved in the
gradient for brevity, and x0 = y.
III. D ISCRIMINATIVE T RIANING FOR MRFS EPA M ODEL
We now present an efficient gradient-based discriminative
training method to learn the separable filter bank and model
coefficients for MRFSepa model.
A. Training Framework and Gradient Computation

i l

Given the training pairs of degraded image and ground-truth
M
image {yl , xgt
l }l=1 , the training cost function for learning the
N
model parameters Θ = {{Fid }D
d=1 , αi }i=1 of MRFSepa model
is:
M
∑
M
L({x∗l (Θ), xgt
}
)
=
L(x∗l (Θ), xgt
(12)
l l=1
l )
l=1

where L is measured by minus PSNR (Peak Signal to Noise
Ratio), x∗l (Θ) is the estimated image by MRFSepa model with
parameter Θ. We borrow the idea of active random field [2]
(ARF) and force the iterative inference in Eqn. (11) to be
performed in fixed steps. Then the optimal parameters of
MRFSepa model is derived by optimizing:
M
Θ∗ = arg minΘ L({xSl (Θ), xgt
l }l=1 )
s.t. xSl (Θ) = GradDescS E(xl ; yl , Θ)

(13)

where GradDescS E(xl ; yl , Θ) denotes the inference of the
MRFSepa model that runs S iterations of gradient-descent
as in Eqn. (11). Since xSl (Θ) is the estimated image by the
inference procedure, this training model directly learns the
optimal parameters of MRFSepa model to force the inference procedure to produce results best approaching the target
ground-truth image.
Different to the stochastic coordinate descent method in
ARF [2] in which the parameters are learned by randomly
modifying the current parameters and accepting the modification if the training cost decreases, we propose to use the
efficient gradient-based algorithm to optimize the parameters
for our proposed MRFSepa model. However, due to the high
complexity in the constrained optimization problem in Eqn.
(13), it is non-trivial to compute the gradient of loss function
L with respect to the model parameters Θ.
For the D-dimensional MRFSepa model in which the image
and separable filter are all D-dimensional, we represent the
d-th 1-dimensional filter of the separable filter in matrix
form by the linear combination of basis filter bank B d =
d
{B1d , ..., Bm
} (d = 1, 2, · · · , D) with coefficients λdi :
d
Fid =

md
∑

(λdi )l Bld , d = 1, 2, · · · , D.

of loss function with respect to the parameters of MRFSepa
model are computed using back-propagation:
∑S
∂g(xt−1 )
∂L(xS ,xgt )
= − t=1 ∂∂L
xt ∂λdi , d = 1, · · · , D (15)
∂λd
i
∑S
∂L(xS ,xgt )
∂g(xt−1 )
= − t=1 ∂∂L
(16)
∂αi
xt ∂αi
∂L
∂L ∂ xS
∂L
∂ xS
∂ xt+1
(17)
∂ xt = ∂ xS ∂ xt = ∂ xS ( ∂ xS−1 · · · ∂ xt )
∑
t+1
∂x
T
t
t
i αi Fi (Wi − Ui )Fi , t = 1, ..., S − 1(18)
∂ xt = I +
t
∂g(x )
d t
d T
x + αi (Ki,l
) Wit Fi xt (19)
= αi FiT (Wit − Uit )Ki,l
∂(λd )

(14)

d
Ki,l

=

∂g(xt )
t
t
T
∂αi = Fi Wi Fi x
Fi1 · · · Fid−1 Bld Fid+1 · · · FiD ,

(20)
0

x =y

(21)

Wit and Uit are diagonal matrices with diagonal values
(Fi xt )2p
1
and
(1 ≤ p ≤ P ) respectively,
1
t
2
1+ 2 (Fi x )p
[1+ 12 (Fi xt )2p ]2
(Fi x)p denotes the p-th value in the vector.
Note: (1) For denoising, we experimentally find that the
inference performance of MRFSepa model does not decrease
if removing the likelihood term in Eqn. (9) using our discriminative learning framework. Then we uniformally utilize
the g(x; Θ) defined in Eqn. (10) for both of denoising and
demosaicing; (2) All the matrix computations in these formulations can be implemented by convolution or per-pixel
operation efficiently. For example, the multiplication of a filter
matrix with an image vector can be computed by separable
convolution.
B. Training Algorithm for MRFSepa
Training Set: The training set is constructed by the pairs
of degraded image (e.g., noisy image for denoising or color
image in Bayer pattern for demosaicing) and high-quality
image. We take forty natural images collected from Berkeley
segmentation database to construct the training set as [1], [2].
For the applications of natural image processing, the basic
principle for the construction of training set is selecting the
natural images with diverse structures and textures.
Training Method: As the gradients are explicitly computed,
the model parameters can be learned by gradient-based optimization methods. We use stochastic gradient descent (1000
iterations) to fast search the parameters and followed by
conjugate gradient descent (200 iterations) to further improve
the learned parameters. In training, we gradually increase
the number of iterations S in Eqn.(13), i.e., initialize the
parameters of MRFSepa model with S iterations of gradient
descent in inference by the learned parameters for MRFSepa
model with S − 1 iterations, until the training cost does not
decrease significantly. When S = 1, the filters and parameters
are randomly initialized. In Figure 1, we present an example
of filter banks learned for MRFSepa model.

l=1

The basis filters {B d } are set as the PCA basis computed
over the 1-dimensional samples randomly collected from the
training high-quality images along their d-th dimension. Then
the learning of filter Fid is equivalent to the learning of the
filter coefficients vectors λdi . We remove the index of training
image l in the following paragraphs for brevity. The gradient

C. A Summary of the Work Flow for Training and Inference
of MRFSepa
We summarize the work flow for the training and inference
procedures of MRFSepa model in Figure 2. In the training
procedure, we learn the parameters Θ of MRFSepa model
from a training set of degraded/ground-truth image pairs by
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Fig. 1. Learned 2-dimensional separable filter bank for gray-scale image denoising with noise level of 25 (S = 4). In each subfigure, the three filters are
column filter, row filter and the corresponding 2-dimensional separable filter.

Θ = {Fi , α i }iN=1

{Fi }iN=1

{α i }iN=1

F1

g1 (x; Θ) = α1 F1T W1 Fx

FN

g N (x; Θ) = α N FN TWN FN x




xS

g (x; Θ)

xt = xt − g (x; Θ)

Fig. 2. Work flow of MRFSepa model. The top flow shows the training procedure that learns the optimal model parameters for a certain application. The
bottom flow shows the procedure to perform image processing give an input degraded image. The most computations in the inference procedure are the
separable convolutions or non-linear per-pixel transforms in Wi .

optimizing Eqn. (13). Then, in the inference procedure, the
learned separable filters and coefficients are applied to the
novel input degraded image by S iterations of gradient descent
as in Eqn. (11), and the computation of gradients mainly
involve the separable convolution of image with these learned
filters and per-pixel non-linear transforms.
IV. E XPERIMENTS
We train the MRFSepa models for gray-scale/color image
denoising and demosaicing respectively. Given the test image,
we applied the proposed MRFSepa model by running S steps
of gradient descent as in Eqn. (11) to get the results. We
implement these applications on Graphics Processing Unit
(NVIDA GTX 460) taking advantage of the fast implement
of separable convolution on GPU.
A. Gray-Scale Image Denoising
We test MRFSepa for gray-scale image denoising over
68 test images in Berkeley database as in [1], [2]. In the
training procedure, we set the number of iterations S = 4 for
inference procedure and the number of filters N = 13 for the
separable filter bank, because we found that larger values of
them do not improve the training performance significantly.
Therefore, the following results are achieved with N = 13
and S = 4. In Table I, to compare the accuracy of MRF
model with separable filter bank and non-separable filter bank,
we compare MRFSepa model with ARF model [2] (the filter
size is 5 × 5) in which the filters are non-separable, and
the performance of MRFSepa model is almost the same to
ARF model by learning separable filter bank. In Table I,
we also compare MRFSepa model with the other state-ofthe-art denoising methods, i.e., FoE [1], sparse representation (KSVD) [11], BM3D [12], wavelet-based method [13]

and non-local denoising algorithms [14], and our algorithm
achieves comparable denoising results.
We compare the running speed (measured in fps, i.e., frames
per second) for different state-of-the-art denoising methods in
Table II. Our algorithm achieves 1.70 fps (frames per-second)
on CPU and 49.75 fps on GPU, which is the fastest method
both on CPU and GPU. Compared with the ARF method, the
computational speed on GPU is improved from 22.9 fps to
49.8 fps, while the denoising accuracies are almost the same.
Figure 3 shows the computational speeds of MRFSepa model
on CPU and GPU over image of resolution 512 × 512, and
all the results are the average speeds by running the denoising
algorithm multiple times. It is shown that MRFSepa model
achieves significantly higher speeds both on CPU and GPU,
and achieves real-time when implemented on GPU.
TABLE I
G RAY- SCALE IMAGE DENOISING COMPARISON ON B ERKELEY 68 TEST
IMAGES MEASURED BY PSNR (B OTH ARF AND MRFS EPA USE FILTERS
WITH SIZE OF 5 × 5).
Noise levels
Non-local [14]
KSVD [11]
BM3D [12]
BLS-GSM [13]
FoE [1]
ARF [2]
MRFSepa

10
32.21
33.11
33.32
33.03
32.68
32.74
32.95

15
29.60
30.85
31.08
30.77
30.50
30.70
30.65

20
28.07
29.37
29.62
29.30
28.78
29.28
29.13

25
26.75
28.29
28.57
28.23
27.60
28.21
28.02

50
23.27
25.17
25.44
25.30
23.25
25.13
24.75

Average
27.98
29.36
29.61
29.33
28.56
29.21
29.10

B. Color Image Denoising
We test the learned MRFSepa model over the five test
color images [15] in Figure 4. In training, we found that the
optimal number of iterations S in Eqn.(13) are 1,2,3,4 for
noise levels of 5, 10, 15, 25 respectively. In Table III, we
compare color MRFSepa model with 3-dimensional filters to
the per-channel denoising using ARF [2] and MRFSepa model
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TABLE II
AVERAGE COMPUTATIONAL SPEEDS MEASURED IN FPS (F RAMES P ER -S ECOND ) OVER THE B ERKELEY 68
F O E, ARF, MRFS EPA ARE FOR CPU AND GPU RESPECTIVELY.
Methods
Run-time (fps)

FoE
0.0009 0.0344

MRFSepa
1.70 49.75

separable, 1 iteration
separable, 2 iterations
separable, 3 iterations
separable, 4 iterations
non−separable, 1 iteration
non−separable, 2 iterations
non−separable, 3 iterations
non−separable, 4 iterations

250

Frames per second (fps)

ARF
0.6192 22.94

200

150

Non-Local
0.97

BM3D
0.54

TEST IMAGES .

KSVD
0.0022

T HE TWO FPS VALUES FOR

BLS-GSM
0.0205

separable, 1 iteration
separable, 2 iterations
separable, 3 iterations
separable, 4 iterations
non−separable, 1 iteration
non−separable, 2 iterations
non−separable, 3 iterations
non−separable, 4 iterations

12

10

8

6
100
4
50

0

2

3x3, 8 filters

5x5, 8 filters

5x5, 13 filters

0

7x7, 13 filters

3x3, 8 filters

(a) Speed on GPU

5x5, 8 filters

5x5, 13 filters

7x7, 13 filters

(b) Speed on CPU

Fig. 3. Computational speeds of MRF models with separable and non-separable filter bank. The image resolution is 512 × 512. “S iterations ” means S
iterations of gradient descent in Eqn.(13).

Fig. 4.

Test images for color image denoising.

TABLE IV
C OMPARISON FOR COLOR IMAGE DENOISING ( MEASURED IN PSNR). T HE LEFT- TOP, RIGHT- TOP, LEFT- DOWN AND RIGHT- DOWN VALUES IN EACH CELL
ARE PSNR VALUES BY M C AULEY ’ S LEARNED COLOR MRF MODEL [9], COLOR SPARSE REPRESENTATION METHOD [15], COLOR BM3D METHOD [12],
AND OUR METHOD .
Images
5
10
15
25

Castle
39.90 40.37
40.82 40.07
35.50 36.24
36.61 35.94
33.13 33.98
34.38 33.61
29.98 31.19
31.65 30.80

Mushroom
38.81 39.93
39.62 39.16
34.16 35.60
35.49 34.87
31.76 33.18
33.23 32.56
28.73 30.26
30.58 29.85

Train
38.90 39.76
39.62 38.99
33.63 34.72
34.62 34.06
30.50 31.70
31.82 31.14
26.72 28.16
28.37 27.81

TABLE III
C OMPARISON BETWEEN THE COLOR MRFS EPA MODEL AND THE
PER - CHANNEL (PC) MRF MODELS .
Noise levels
ARF-PC [2] (5×5, 13 filters)
MRFSepa-PC (5×5, 13 filters)
MRFSepa (3×3×3, 26 filters)
MRFSepa (5×5×3, 26 filters)
MRFSepa (7×7×3, 26 filters)

5
39.11
39.14
39.17

15
31.81
31.92
34.36
34.53
34.60

20
29.74
29.59
31.81
32.03
32.10

25
27.29
27.21
29.09
29.17
29.26

Average
33.59
33.72
33.78

with 2-dimensional filters. The learned color MRFSepa model
performs more than 2 db improvement over the per-channel
MRF-based denoising.
In Table IV, we compare the denoising performance of
our MRFSepa model with the McAuley’s learned color MRF
model [9] with 3-dimensional filter bank, color-version sparse
representation [15] and color-version BM3D method [12].
Our method significantly performs better than the McAuley’s
learned color MRF model, in which the 3-dimensional filter

Horses
39.25 40.09
40.03 39.42
34.45 35.43
35.44 34.84
31.90 32.76
32.86 32.34
28.84 29.81
30.00 29.62

Kangaroo
38.30 39.00
38.66 38.23
33.14 34.06
33.72 33.30
30.40 31.30
31.09 30.84
27.48 28.39
28.27 28.21

Average
39.03 39.83
39.75 39.17
34.18 35.21
35.18 34.60
31.54 32.58
32.68 32.10
28.35 29.56
29.77 29.26

banks are heuristically learned. Though 0.5-0.6db less than the
the best color image denoising method (color version BM3D),
our method performs faster and can be speeded up by easily
implemented on GPU using the fast separable convolution.
Figure 5 shows an example of our color image denoising
result. Our method can produce better or comparable result
with higher computational efficiency.
Implemented on GPU, our MRFSepa model achieves 42.50
fps, 31.3 fps, 21.23 fps, and 11.17 fps for denoising of these
example color images with noise levels of 5, 15, 20, 25
respectively.

C. Image Demosaicing
The MRFSepa model with 3-dimensional filter banks can
also be applied to image demosaicing that recovers the color
images from Bayer CCD samples. Different from image
denoising, the iterative gradient descent update in Eqn. (11) is
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(a) Ground-truth image

(b) PSNR=29.82
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(c) PSNR = 30.41

(d) PSNR = 30.80

(e) PSNR = 30.80

Fig. 5. Comparison for color image denoising (the noise level is 25). (a) Ground-truth image. (b) Per-channel FoE [2]. (c) McAuley’s color MRF model [9].
(d) adaptive color KSVD method [15] with 5×5×3 patches. (e) Result of color MRFSepa model (filter size = 7×7×3).

performed only on the missing color values:
N
xt = xt−1 − m ⊙ g(xt−1 ; {{Fid }D
d=1 , αi }i=1 )

(22)

where m is a 3-dimensional matrix with binary elements
indicating the missing color values in Bayer pattern, ⊙ means
per-element multiplication. Then the gradients in training
can be same computed as Eqns. (15-21) except that m is
introduced. We incrementally train the MRFSepa model with
more iterations (i.e., S in Eqn.(13)) until the training cost does
not decrease anymore. In this way, we learned the optimal
MRFSepa model for demosaicing with S equals to 80.
TABLE V
C OMPARISON OF IMAGE DEMOSAICING ALGORITHMS ( MEASURED IN
PSNR, BI IS BILINEAR INTERPOLATION , F O E-PC IS THE PER - CHANNEL
INPAINTING BY F O E).
Images
1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
Average

BI K [16] AP [17] OR [18] SA [19] CC [20] CKSVD [15] FoE-PC [1] MRFSepa
25.56 24.64
37.70
34.66
38.32
38.53
39.37
26.14
38.86
32.08 32.29
39.57
39.22
39.95
40.43
40.71
33.14
39.73
32.96 33.84
41.45
41.18
41.18
42.54
43.19
34.39
43.31
32.34 33.45
40.03
38.56
39.55
40.50
41.29
33.49
40.84
25.95 31.89
37.46
35.25
36.48
37.89
38.70
26.75
39.04
27.01 35.58
38.50
31.04
39.08
40.03
40.05
27.61
40.87
32.01 36.36
41.77
41.39
41.50
42.15
42.83
33.57
43.26
23.22 33.23
35.08
31.04
35.87
36.41
36.42
23.80
37.81
31.25 39.36
41.72
41.27
41.94
43.04
43.28
32.46
42.95
31.22 39.22
42.02
40.39
41.80
42.51
42.70
32.16
43.42
28.51 35.65
39.14
37.42
38.92
39.86
40.22
29.21
40.25
31.67 39.37
42.51
42.30
42.37
43.45
43.53
32.55
43.60
23.60 31.07
34.30
31.08
34.91
34.90
35.29
23.76
36.40
28.46 32.50
35.60
35.58
34.52
36.88
37.95
29.24
36.51
30.66 34.19
39.53
37.77
38.97
39.78
40.21
31.43
40.28
30.34 38.12
41.76
41.82
41.60
43.64
43.62
31.30
43.61
30.96 38.34
41.11
39.06
40.97
41.21
42.01
31.83
42.76
27.45 32.75
37.45
35.28
37.27
37.49
37.47
27.84
37.39
27.29 36.50
39.46
38.06
39.96
41.00
41.27
28.21
40.64
29.79 37.63
40.66
39.05
40.51
41.07
41.00
30.50
41.82
27.71 36.07
38.66
36.22
38.93
39.12
39.74
28.49
40.02
29.70 36.00
37.55
36.49
37.67
37.97
38.87
30.67
39.36
33.59 34.01
41.88
41.34
41.79
42.89
42.41
35.41
41.07
26.15 32.95
34.78
32.79
34.82
35.04
35.63
26.83
37.21
29.15 35.21
39.15
37.70
39.12
39.93
40.32
30.03
40.46

We test our demosaicing MRFSepa model on the Kodak
image database which are composed of twenty-four images
with resolution of 512 × 768 and encoded in RGB with 8 bits.
The demosaicing results and comparisons with the other stateof-the-art demosaicing methods are shown in Table V. The
average PSNR of the recovered images by our demosaicing
algorithms is 40.46, which is significantly better than the
results using Kimmel’s method [16], alternating projections
method [17], optimal recovery method [18], successive approximations [19], variance of color differences [20] and color
version KSVD (CKSVD) [15]. We also test the FoE [1] model
on color demosaicing by directly running the inpainting source
code of FoE for each color channel, and average PSNR is

30.03, which is reasonably low because the original FoE is
designed for gray-scale image processing which does not take
adavantage of the domain knowledge in color demosaicing.
Figure 6 shows two of our demosaicing results and their
zoom-in displays. It is shown that the learned 3-dimensional
MRFSepa model recovers the color images with little artifacts
and preserves the image fine details, especially the fence
structures in Figure 6 (b).
For BI, AP, SA, CC in which the source codes are provided
by the authors, the average computation times for Kodak image
are 0.02s, 1.86s, 1.04s and 0.06s respectively. For CKSVD
which is most comparable to MRFSepa in performance, it
needs to solve sparse optimization problem over each local
patch which is quite time-consuming. Our method costs 3.47s
and achieves the best results implemented on GPU.
D. Effect of Training Set on the Performance
One of the key contribution of this proposed MRFSepa
model is the discriminative learning of the model parameters
from a training data set. Therefore, the learned model is
task-driven and dependent on the quality of the training set.
For natural image processing, the training images should be
natural images with diverse structures and textures. To test the
performance of the learned model with wrong training set, we
also train MRFSepa model from a set of cartoon images that
are piecewise constant and with rare textures for gray-scale
image denoising. As shown in Figure 7, the learned model
produces 0.27db in average lower than the model learned from
natural images tested on the 68 Berkeley natural images when
the noise level is 25.
V. C ONCLUSION
We proposed a novel continuously-valued MRF model with
separable filter bank and its discriminative training method.
This framework enables tractable and efficient training and inference of MRF model with high-order and high-dimensional
filter banks. It extended the applications of MRF models, and
was applied to the gray-scale/color image denoising and color
image demosaicing. The model achieved real-time image denoising and fast image demosaicing with high quality results.
We are interested in more applications and higher dimensional
MRFSepa model for video processing in the future work.
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(b)

(a)

PSNRs by model learned from cartoon images

Fig. 6. Image demosaicing results for the image 17 and 19 in Kodak database (please refer to the electronic version for better illustration). The left and
right images in (a) and (b) are the recovered color images and the zoom-in of the crops of results.
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PSNRs by model learned from natural images

(a) Some of the cartoon training images

(b) Scatter plot of PSNRs over 68 Berkeley images

Fig. 7. The effect of training data on the performance of MRFSepa model. We learn the MRFSepa model from 20 cartoon images. (b) The scatter plot of
PSNRs between the results by MRFSepa model learned from cartoon images and natural images respectively, and the average PSNRs are 27.75 and 28.02
respectively. The test images are Berkeley 68 test images, and the noise level is 25.
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