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I. I NTRODUCTION
Image denoising [1], [2], [3], [4], [5], [6], [7], [8], [9], [10],
[11] has attracted much research efforts for two reasons. First,
noise is one of the dominant artifacts that affects the image
quality. It is important to improve the image quality in low
light environments or by cheap mobile devices. Second, better
denoising methods will lead to better understanding of natural
image prior or statistics [12], [13], [14].
Methods [13], [15], [16], [17], [18] based on natural image
prior directly model the sparsity of natural image statistics
(e.g., the high-kurtosis distribution of filter responses) and
perform denoising by Maximum A-Posteriori (MAP) optimization. In [13], [16], [18], the natural images are modeled
as high-order markov random field models. The involved
parameters are learned from natural images in generative
approach [13], [16], [17] or discriminative approach [15], [18].
Another category of methods model the image prior in the
transform domain. Recent leading approaches [19], [20], [21],
[22], [23], [24], [25] are based on sparsity. The 2D wavelet
shrinkage model [26], [27], [28], [29] utilizes the sparsity
of the wavelet coefficients to recover the desired signal by
thresholding in wavelet domain. BM3D [19], [20] achieves
the state-of-the-art results by applying wavelet shrinkage on
grouped similar image patches. The sparse representation
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Abstract—In this paper, we propose a novel model, Discriminatively Learned Iterative Shrinkage (DLIS) model, for color
image denoising. DLIS is a generalization of wavelet shrinkage
by iteratively performing shrinkage over patch groups and
whole image aggregation. We discriminatively learn the shrinkage
functions and basis from training pairs of noisy/noise-free images,
which can adaptively handle different noise characteristics in
luminance/chrominance channels, and the unknown structured
noise in real-captured color images. Furthermore, to remove the
splotchy real color noises, we design a Laplacian Pyramid based
denoising framework to progressively recover the clean image
from coarsest scale to finest scale by the DLIS model learned
from the real color noises. Experiments show that our proposed
approach can achieve the state-of-the-art denoising results on
both synthetic denoising benchmark and real-captured color
images.
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Fig. 1. Statistics of image gradients in luminance (Lumi) channel and two
chrominance channels (Chro-1 and Chro-2) computed over Berkeley dataset
(https://www.eecs.berkeley.edu/Research/Projects/CS/vision/bsds/). The gradients in chrominance channels are much more sparsely distributed than those
in luminance channel.

methods [21], [22], [23], [24], e.g., KSVD [22] and group
sparse coding [23], represent image patches by an adaptively
learned basis set on either the noisy image itself or a set of
clean training images. The “shrinkage” is implicitly performed
by enforcing the sparsity of the coefficients.
We notice that, in many sparsity-based approaches, the
shrinkage and transform are either selected by hand (from a
set of pre-defined transformations and shrinkage functions),
or learned in an “unsupervised” manner by assuming sparsity. Such approach may be suboptimal for two reasons:
1) imprecise modeling or assumption may lead to degraded
results; 2) different noise characteristics (luminance noise
v.s. chrominance noise, Gaussian white noise v.s. real noise)
require adaptive shrinkage in different frequencies, which can
hardly be set by hand.
In this work, we propose a novel whole image iterative shrinkage model by iteratively performing patch group
shrinkage and whole image aggregation. The key of this
model is that we discriminatively learn the shrinkage functions
and transform bases in a “supervised” manner, using a set
of noisy/clean image pairs. The learned shrinkage functions
can be adaptive for different signal frequencies and different
color channels. To achieve this goal, we directly minimize
a PSNR-based cost function over the clean / noisy training
image pairs. To optimize the model parameters, we directly
compute the gradients of the cost function with respect to
the parameters by back-propagation [30], [31], which enables
us to discriminatively learn these parameters by a stochastic
gradient descent method.
Discriminative learning brings the flexibility to adaptively
handle different noise characteristics. For example, the luminance channel in color image usually has more structural
or textural elements while chrominance channels have more
smooth regions, as shown in Figure 1. Moreover, in real-
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captured color images, the color noises often have strong
spatial correlations [3]. In our approach, we can effectively
adapt our DLIS model to handle each situation automatically,
without having to construct sophisticated models for different situations. On Berkeley synthetic denoising benchmark
[13], our approach achieves or outperforms the state-of-theart methods, especially on the chrominance channels.
To better handle structured color noises in real color noisy
images, we further propose a hierarchical Laplacian Pyramid
based denoising framework. In this framework, the image
is progressively recovered from the coarse scale to the fine
scale. At each scale, the color noises are removed by our
DLIS model learned from the real-captured color noises. We
obtained significantly better results on a set of real-captured
color images, compared with the best methods in academia
and the best commercial software.
Discriminative learning has been used in recent MRF
based works, e. g., Loss-specific training of Field of Experts
(FoE) [4], [15] and non-local range MRF [18]. Unlike these
two methods, our shrinkage is performed locally over patch
groups instead of modeling the global image statistics, and
is extended to handle the intensity-dependent noises in real
captured image. In [29], a discriminative learning method using slice transform is proposed to learn the shrinkage function
for Gaussian synthetic noise removal, which is still based on
the traditional wavelet shrinkage in 2D transform domain. In
contrast, our approach is based on the proposed whole image
iterative shrinkage model and performed in the 3D transform
domain over patch groups for both synthetic and real color
noise removal.
This paper is organized as follows. In Section II, we will
introduce our proposed whole image iterative shrinkage model,
its discriminative training method and experimental evaluation
for Gaussian color noise removal. In Section III, we will adapt
the proposed model to the task of real-captured color noise
removal in a Laplacian pyramid denoising framework. The
paper will be concluded in Section IV.
II. W HOLE I MAGE I TERATIVE S HRINKAGE
In this section, we present a novel whole image iterative
shrinkage model and introduce the discriminative learning
method for the model. Before introducing this model, we will
first review and analyze the 3D wavelet shrinkage model and
product of experts model [32], which are closely related to
our model. Then we will introduce and evaluate our proposed
model for color noise removal.

V = (v1 , v2 , · · · , vK ) is a set of 1D transform across the
patches, and vi is a vector of 1D transform across 2D patches.
Then the 3D transform of a 3D patch X is written as:
XT = W T XV = {wiT Xvj }{1≤i≤P,1≤j≤K}

which is a P × K matrix with the same dimension as X.
The wavelet shrinkage exploits the sparsity of the wavelet
coefficients to recover the desired signal. Given an observed
noisy 3D patch Y and its transformed version YT = W T Y V ,
the wavelet shrinkage restores a denoised 3D patch XT in the
transform-domain by minimizing the following function:
1
(2)
X̂T = argminXT { ||XT − YT ||2 + γR(XT )},
2
where R(XT ) is a sparse regularization term in the transformdomain. When R(XT ) = ||XT ||1 or ||XT ||0 , X̂T has the
closed-form solution: X̂T = T (YT , λ), where T (·, λ) is a hardthresholding (T hard (z) = zδ(|z| > λ)) or soft-thresholding
(T sof t (z) = sgn(z) max(0, |z| − λ)) function. The threshold
λ depends on the noise level and regularization strength γ.
For the unitary basis W, V , the restored 3D patch X in the
image-domain is
X = W T (YT , λ)V T =

We first introduce the 3D wavelet shrinkage model [20]
which applies traditional wavelet shrinkage [27] to a group
of similar image patches. The patch group can be constructed
for each image patch by searching the top similar patches in a
non-local region around the patch [2]. For simplicity, we call a
patch group as 3D patch. Assume that X = (x1 , x2 , · · · , xK )
is a 3D patch, and xi is a vector of 2D patch with P pixels.
W = (w1 , w2 , · · · , wP ) is a set of 2D spatial transform bases,
and wi is a vector of 2D transform base with P elements.

P X
K
X

wi [T (YTij , λ)]vjT .

(3)

i=1 j=1

The state-of-the-art BM3D [20], [19] uses the hard thresholding version of the above model as an essential step.
B. From Product of Experts to iterative shrinkage
The sparsity of coefficients in the transform-domain can also
be modeled by a Product of Experts (PoE) model [32] by
assuming all coefficients are independent:
1 Y
Φij (wiT Xvj ),
(4)
p(X) =
Z ij
where Φij is a heavy-tailed distribution (e. g., a Student-t
distribution) called “expert”, Z is the partition function. Based
on this probabilistic formulation, the maximum likelihood
estimation of the 3D patch can be inferred by an iterative,
gradient-based optimization [13]:
X
X t+1 = X t −
wi ρij (wiT X t vj )vjT , X 0 = Y
(5)
i,j

where ρij = (− log(Φij ))0 , and t is the iteration steps. If we
only consider the first iteration, we have:
X=Y −

A. 3D wavelet shrinkage

(1)

P X
K
X

wi ρij (YTij )vjT .

(6)

i=1 j=1

YT is the wavelet transform of the 3D patch Y . It is easy to
see that the above one-step gradient decent is equivalent to
the wavelet shrinkage model in Equation (3) when W , V are
unitary basis sets and ρij (x) = x − T (x).
Proof : Since W , V are orthogonal basis set, Equation (3)
can be rewritten as X = W T (YT )V T = W YT V T −
W
− T (YT )]V T = Y − W [YT − T (YT )]V T = Y −
PP[YT P
K
ij
ij
T
i=1
j=1 wi (YT − T (YT ))vj . It is equivalent to Equation (6) when ρij (x) = x − T (x).
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The role of ρij (·) in the PoE model is “identifying” (small)
noise signal. Equation (5) can be explained as: in each
iteration, noises are identified and subtracted (removed) from
the signal. Since the final effect caused by ρij (·) is “shrinking”
noise, we still call ρij (·) shrinkage function and Equation (5)
3D iterative shrinkage in this paper.
The 3D iterative shrinkage is more general than the 3D
wavelet shrinkage. First, there are no special constraints over
W , V , and ρij (·); Second, it provides a principled, iterative
restoration method for a better chance of getting better results.
C. Whole image iterative shrinkage
The above 3D iterative shrinkage in Equation (5) only
restores each 3D patch separately, without considering the
dependency between overlapped patch groups in the image.
If we directly apply the model on all 3D patches individually,
the final results may be inconsistent and the restored image
may not be optimal. In order to get a coherent whole image
denoising result, we plug in a whole image restoration step
between two consecutive iterations, to recover a coherent
image I:
N
X
||Pk I − Xk ||2 ,
(7)
I ∗ = arg min
I

k

k

in which Xk is the vector form of the patch group. It
can be efficiently calculated by per-pixel operations over the
image [22].

I 0 = I

groups, and the last step restores a whole image by all updated
patches. Note that Ykt and Xkt are in vector form in the first
and third equations, and matrix form in the second equation.
Figure 2 shows the whole image iterative shrinkage algorithm.
Using the above model, it is hard to set a global hard
or soft thresholding function by hand for noisy images with
different noise levels or noise statistics. Therefore, we are
curious to know whether there are optimal adaptive shrinkage
functions which can be learned for various frequencies / color
channels. Next, we present a discriminative learning approach
to automatically learn adaptive shrinkage functions which
takes iteration and whole image restoration into account. We
call the discriminatively learned whole image iterative shrinkage model as Discriminatively Learned Iterative Shrinkage
(DLIS) model in this paper.

D. Discriminative learning
First, we model the shrinkage function ρij (·) by a nonparametric kernel regression [33] over a number of Ns discrete
ij Ns
samples (xij
n , yn )n=1 :

k=1

where N is the number of 3D patches in the image which
equals to the number of pixels, k is the index over all
overlapped patch groups in the image, Pk is the matrix for
extracting the k-th patch group, and Xk is the k-th restored
patch group. The closed-form solution of I is
X
X
I∗ = (
PkT Pk )−1
PkT Xk
(8)

Patch Grouping

3D Shrinkage

Ykt = Pk I t ,k = 1,..., N

X kt = Ykt − ∑ ∑ wi ρij (wiT Ykt v j )v Tj

P

K

i=1 j=1

t = 0,, M − 1

Patch Aggregation

3

PNs
ρij (x) =

ij ij
n=1 Gh (x − xn )yn
PNs
ij
k=1 Gh (x − xk )

=

Ns
X

ηnij (x)ynij ,

(10)

n=1

where Gh is a Guaussian kernel with bandwidth h. We set
h as 2 times the interval between xij
n . Thus, the learning of
shrinkage function is equivalent to learning a set of values
ij
s
{ynij }N
n=1 over given sample positions xn , for each pair of
basis wi and vj .
e I gt ), we
Second, for a given noisy/clean image pair (I,
ij
learn the model parameters Θ = {W, V, {yn }} by directly
minimizing the goal of image denoising, i.e., PSNR of the
restored image I r (Θ):

I t+1 = Q −1 ∑ PkT X kt
k

Ir = I M

L({I r (Θ), I gt }) = −PSNR(I r (Θ), I gt ),

(11)

Whole image iterative shrinkage

Fig. 2. Whole image iterative shrinkage algorithm. Given a noisy image,
we iteratively perform three steps: updating the patch groups, 3D shrinkage
over the patch groups, and patch aggregation to produce a whole image. To
enable the discriminative learning of shrinkage function ρij and W, V in the
iterative procedures, the locations of similar patches for each image patch are
searched over the input noisy image in the first iteration, and kept constant
in the succeeding iterations, which means that the 3D patch extraction matrix
Pk is constant w.r.t. the iterations.

Combining Equation (6) and (7) together, we arrive at a
whole image iterative shrinkage model for an input noisy
e
image I:


Ykt = Pk I t , I 0 = Ie



PP PK
Xkt = Ykt − i=1 j=1 wi ρij (wiT Ykt vj )vjT
(9)

P T
P T t


t+1
−1
 I = ( k Pk Pk )
k Pk Xk ,
t = 0, 1, · · · , M − 1. The first step extracts noisy 3D patch
groups, the second step performs shrinkage on all patch

where PSNR(I r (Θ), I gt ) = 20 log10 MSE(I255
. For
r (Θ),I gt )
clarity, we define the cost function on a single image pair.
For multiple image pairs, the total cost is simply the sum
of the costs over all pairs. Here, we also add W, V into the
parameters to see whether we can find better transform.
We discriminatively learn the parameters of the whole image
iterative shrinkage model by stochastic gradient descent algorithm. We now compute the gradients of the cost function with
respect to the parameters. The cost function L({I r (Θ), I gt })
is differentiable to the restored image I r = I M . Morever, the
restored image I r is achieved by the whole image iterative
shrinkage model in Equation (9) which is an iterative shrinkage
procedure. Motivated by the optimization of feed-forward
neural network, the gradient of I r w.r.t. the parameters in the
iterative procedure can be computed by back-propagation [30],
[31]. The gradients of cost function w.r.t. the parameters
{ynij }, W and V are computed as:
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Fig. 4. Examples of learned bases by DCT initlization at noise level of 10.
The basese were marginally changed after discriminative learning, and (c)
shows the differences of learned bases to the initialized bases.
Chrominance	
  channel	
  1	
  

Chrominance	
  channel	
  2	
  

Fig. 3. Examples of learned shrinkage functions in different color channels
for synthetic color noise (noise level of 10) removal. The frequency of
corresponding transform basis from top-left to bottom-right is increasing in
each sub-figure.

N
M
X
∂L
∂L X ∂I t ∂Xkt−1
(
=
)
∂wi
∂I t
∂Xkt−1 ∂wi
t=1
k=1

∂L

=

∂ynij

N
X

∂L
∂I ∂Xkt−1
(
),
∂I t
∂Xkt−1 ∂ynij
t=1
k=1
t

(12)

where I M = I r and M (set to 4) is the number of iterations1
in the whole image iterative shrinkage model. The involved
gradients in Equation (12) are:
∂L
∂I t

=

∂I t+1
∂I t

=

∂L ∂I M
∂I t+1 ∂L
20(I M − I gt )
···
,
=
∂I M ∂I M −1
∂I t
∂I M
(ln 10)||I M − I gt ||2
N
X

−1

Q

T

Pk (E −

K X
P −
−−→
−−−→
X
T
T T 0
T
t
wi vj (wi vj ) ρij (wi Yk vj ))Pk
i=1 j=1

k=1

−→
∂ Xkt
∂wi

=

−−−→
K
−−−→
X
∂ wi vjT
T
t
T
t
T 0
T
t
−
[
ρij (wi Yk vj ) + wi vj (Yk vj ) ρij (wi Yk vj )]
∂w
i
j=1

−→
∂ Xkt
∂vj

=

−

=

−wi vj (ηn (wi Yk vj )),

∂Xkt
ij
∂yn

−−−→
K
−−−→
X
∂ wi vjT
T
t
T
T
t
0
T
t
[
ρij (wi Yk vj ) + wi vj (wi Yk )ρij (wi Yk vj )]
∂v
j
i=1
T

ij

T

t

∂I t
−1 T
−−t−1
−→ = Q Pk
∂ Xk

(13)

P T
where Q =
k Pk Pk , E is identity matrix and the arrow
denotes vectorization of a matrix.
Given the gradients, we perform stochastic gradient decent
to learn the parameters Θ: in each step, we calculate the
gradients on a few randomly selected training pairs. In the
implementation, we run gradient descent 1000 steps, which
always produce the convergent results. We train the models
for luminance and chrominance channels separately over 40
1 An

TABLE I
T HE PARAMETER SETTINGS OF THE DLIS MODEL FOR SYNTHETIC COLOR
NOISE REMOVAL .
Parameters
M
K
P

N
M
X
∂L
∂L X ∂I t ∂Xkt−1
(
=
)
∂vj
∂I t
∂Xkt−1 ∂vj
t=1
k=1
M
X

noisy/clean natural color image pairs from Berkeley image
segmentation database as in [13] with Gaussian white noises.
We use hard shrinkage (i.e., x − T hard (x)), 2-D DCT and
1-D Harr wavelet to initialize the shrinkage functions and the
transforms W, V respectively. In the kernel regression model
of Equation (10), we uniformly sample the discrete samples
Ns
{xi,j
n }k=1 between [−160, 160] with interval of 0.04, then
Ns = 8001. In Table I, we present the parameter settings
for the DLIS model shown in Figure 2.

empirical number for the tradeoff between speed and performance.

Descriptions
Number of iterations
Number of bases in W
Number of bases in V

Values
4
8
64

Figure 3 shows examples of learned shrinkage functions
in different color channels for synthetic color noise removal.
The results reveal a number of interesting points: 1) the
learned functions are different at different frequencies; 2) some
learned functions in luminance channels are non-smooth or
“jaggy”, which seems counter-intuitive. It might be because
there are rich textures/structures in luminance channel, it is
hard to find a uniform shrinkage function to determine the
amount of noises or signals; 3) the learned functions in
chrominance channels are more regular because these channels
are smoother. Figure 4 shows the learned bases W by DCT
initialization. We found that the initialized wavelet basis is
not significantly changed after training, which indicates that
wavelet is already a good basis set and also the shrinkage plays
the central role in denoising compared to the basis. Figure 5
is a denoising example to demonstrates the effectiveness of
the learned model. As we can see, the noises are gradually
removed and the image structures emerge step by step.
E. Evaluation for synthetic noise removal
We use opponent color space (OPP) which has produced
excellent results in C-BM3D [19]. In the implementation, we
set the spatial patch size to 8 × 8, and the patch group is with
8 most similar patches searched over 41 × 41 region around
each pixel. In the whole image iterative shrinkage procedure
as shown in Figure 2, the locations of similar patches for each
image patch are searched over the luminance channel of the
input noisy image in the first iteration, and kept constant in
the succeeding iterations. Therefore, the 3D patch extraction
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(a) Noisy image, PSNR = 14.16

(b) Iteration 1, PSNR = 17.12

(c) Iteration 2, PSNR = 21.02
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(d) Iteration 3, PSNR = 25.63

(e) Final result, PSNR = 27.33

Fig. 5. Color image denoising results with increasing iterations (the noise level is 50).

Noisy image, noise std. = 40

FoE, PSNR = 27.40

Wavelet_GSM, PSNR = 28.86

l0 (3D), PSNR = 28.58

C-BM3D, PSNR = 29.04

Our result, PSNR = 29.41

Noisy image, noise std. = 40

FoE, PSNR = 24.68

Wavelet_GSM, PSNR = 26.62

l0 (3D), PSNR = 26.27

C-BM3D, PSNR = 26.47

Our result, PSNR = 26.98

Fig. 6. Color image denoising for Gaussian white noise. Please view the electronic version for better comparison. Note that both the color and luminance
noises are well suppressed and structures are well recovered in our results.

matrix Pk in Equation (9) is constant w.r.t. the iterations,
which makes the cost function differentiable to the parameters
of shrinkage functions and W, V . We use the same patch
grouping of luminance channel for denoising chrominance
channels.
On 68 color test images from Berkeley dataset [13] with
Gaussian white noise, we evaluate several methods: nonlocal means [2], FoE [13], ARF [15], Non-local range MRF
(NLR-MRF) [18], Gaussian scale mixture model in the
wavelet domain (2D Wavelet GSM) [34], sparse representation (KSVD) [22] (image specific dictionary), color version
BM3D (C-BM3D) [20], [19], and our approach.
As shown in Tables II and III, our algorithm performs
consistently better in PSNRs and SSIMs [35] than all the
other compared approaches. Because the SSIM value for color
image is commonly computed over its luminance channel,
we therefore only presented the SSIMs over luminance and
two chrominance channels separately in Table III, and the
SSIMs of RGB color images are not shown. Compared with
the current state-of-the-art C-BM3D method [20], [19] for
color denoising, our model shows moderate gains (e.g., 0.24db
at noise level 40) on the luminance channels and significant

improvements on two chrominance channels (e.g., 0.77db and
1.85db gains for Chro-1 and Chro-2 channels at noise level
30), which benefits from the discriminative learning. Note that
on the luminance channel, C-BM3D and BM3D are equivalent.
In Table IV, we also compare our learned DLIS model in
luminance channel (DLIS Lumi) with the popular gray-scale
image denoising approaches: FoE [13], ARF [15], KSVD [22],
BM3D [20], LossSpecific [4]. Our approach achieves competitive performance for gray-scale image denoising.
To examine the effectiveness of the iterations, we also
compare with one-step 3D wavelet shrinkage (hard thresholding l0 and soft thresholding l1 ) followed by a whole image
restoration step in Tables II and III. We can see that the
hard thresholding l0 is a competitive method but our iterative
method is significantly better.
Figure 6 presents the visual comparisons of the denoising results. As shown in the figure, the results of FoE are commonly
smooth but lose many high frequency details. The methods
of Wavelet GSM, l0 and C-BM3D can better preserve image
details, but introduce some color artifacts. Our model can
best preserve the image details while sufficiently remove the
chrominance color artifacts. The results are best to human
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TABLE II
AVERAGE PSNR S FOR G AUSSIAN WHITE NOISE REMOVAL OVER 68 COLOR IMAGES FROM B ERKELEY DATABASE (“L UMI ”, “C HRO -1”, “C HRO -2”,
“RGB” INDICATE THE PSNR OVER LUMINANCE CHANNEL , TWO CHROMINANCE CHANNELS , AND RGB COLOR IMAGE ).
Noise level
10
20
30
40
50
Channels
Lumi Chro-1 Chro-2 RGB Lumi Chro-1 Chro-2 RGB Lumi Chro-1 Chro-2 RGB Lumi Chro-1 Chro-2 RGB Lumi Chro-1 Chro-2 RGB
NL-Means [2] 35.84 39.93 42.37 34.16 31.52 36.76 37.31 29.90 29.34 34.03 36.20 27.77 27.70 32.42 34.42 26.11 26.58 30.83 32.64 24.81
FoE [13]
35.19 43.29 46.16 34.40 30.90 40.00 43.78 30.30 28.90 37.44 41.67 28.25 26.88 36.82 41.60 26.43 26.83 34.87 37.14 26.02
ARF [15]
35.70 42.13 44.57 34.62 31.96 37.57 39.61 30.64 29.78 34.65 36.43 28.20 28.26 32.45 34.07 26.45 27.10 30.70 32.22 25.07
NLR-MRF [18] 36.53 43.76 46.64 35.64 32.41 40.42 42.76 31.62 30.28 38.19 40.92 29.48 28.88 36.73 39.34 28.06 27.85 35.40 37.82 26.96
Wavlet GSM [34] 36.44 44.29 47.51 35.69 32.30 40.95 44.94 31.67 30.15 39.10 43.46 29.58 28.74 37.80 42.32 28.19 27.73 36.83 41.44 27.18
KSVD [22]
36.47 43.25 46.10 35.50 32.32 39.87 43.12 31.51 30.16 37.92 41.06 29.36 28.72 36.49 39.34 27.89 27.64 35.30 37.91 26.78
l0 (3D)
36.48 43.58 46.13 35.55 32.23 39.86 42.37 31.39 30.05 37.67 40.09 29.19 28.63 36.10 38.43 27.73 27.60 34.85 37.14 26.65
l1 (3D)
35.88 44.06 47.16 35.17 31.43 40.90 44.08 30.89 28.93 39.01 42.15 28.45 27.15 37.63 40.69 26.72 25.77 36.53 39.54 25.35
C-BM3D [20] 36.67 44.52 47.60 35.90 32.53 41.40 44.66 31.90 30.32 39.47 42.63 29.73 28.78 37.31 39.98 28.09 27.86 37.95 41.45 27.38
DLGS
36.71 44.89 48.06 35.99 32.62 41.97 45.85 32.07 30.49 40.24 44.48 29.99 29.08 39.04 43.44 28.61 28.06 38.03 42.71 27.58
Gain (to 2nd best) 0.02 0.37 0.46 0.07 0.06 0.57 0.91 0.15 0.13 0.77 1.02 0.23 0.14 1.24 1.12 0.36 0.20 0.08 1.26 0.20
Gain (to C-BM3D) 0.02 0.37 0.46 0.07 0.06 0.57 1.19 0.15 0.13 0.77 1.85 0.23 0.24 1.73 3.46 0.46 0.20 0.08 1.26 0.20

TABLE III
AVERAGE SSIM S FOR G AUSSIAN WHITE NOISE REMOVAL OVER 68 COLOR IMAGES FROM B ERKELEY DATABASE (“L UMI ”, “C HRO -1”, “C HRO -2”
INDICATE THE SSIM VALUES OVER LUMINANCE CHANNEL , TWO CHROMINANCE CHANNELS ).
Noise level
10
20
30
40
50
Channels
Lumi Chro-1 Chro-2 Lumi Chro-1 Chro-2 Lumi Chro-1 Chro-2 Lumi Chro-1 Chro-2 Lumi Chro-1 Chro-2
NL-Means [2] 0.9305 0.8641 0.8897 0.8307 0.7518 0.7116 0.7558 0.6091 0.6552 0.6797 0.5121 0.5542 0.6099 0.4148 0.4480
FoE [13]
0.9119 0.9425 0.9551 0.8170 0.8975 0.9311 0.7646 0.8601 0.9113 0.6667 0.8296 0.9073 0.6994 0.7989 0.8357
ARF [15]
0.9374 0.9212 0.9348 0.8602 0.8013 0.8208 0.7865 0.6713 0.6877 0.7197 0.5531 0.5611 0.6601 0.4542 0.4541
NLR-MRF [18] 0.9448 0.9476 0.9597 0.8782 0.9005 0.9136 0.8207 0.8486 0.8780 0.7724 0.8051 0.8382 0.7271 0.7557 0.7876
Wavlet GSM [34] 0.9430 0.9536 0.9654 0.8776 0.9111 0.9427 0.8202 0.8765 0.9244 0.7710 0.8460 0.9076 0.7286 0.8214 0.8923
KSVD [22]
0.9450 0.9408 0.9549 0.8788 0.8892 0.9206 0.8178 0.8464 0.8841 0.7638 0.8053 0.8423 0.7164 0.7643 0.7975
l0 (3D)
0.9430 0.9426 0.9519 0.8732 0.8774 0.8951 0.8101 0.8136 0.8369 0.7537 0.7514 0.7788 0.7025 0.6931 0.7223
l1 (3D)
0.9263 0.9503 0.9623 0.8199 0.9062 0.9285 0.7200 0.8652 0.8942 0.6354 0.8253 0.8592 0.5647 0.7873 0.8235
C-BM3D [20] 0.9471 0.9589 0.9697 0.8842 0.9271 0.9485 0.8283 0.8990 0.9282 0.7715 0.8567 0.8936 0.7382 0.8801 0.9234
DLGS
0.9492 0.9595 0.9691 0.8901 0.9289 0.9515 0.8362 0.9038 0.9370 0.7888 0.8818 0.9253 0.7468 0.8618 0.9133

TABLE IV
C OMPARISON FOR THE GRAY- SCALE IMAGE DENOISING OVER 68 B ERKELEY TEST IMAGES . “DLIS L UMI ” DENOTES OUR LEARNED DLIS MODEL ON
THE LUMINANCE CHANNEL .
Noise level
15
25
50

FoE [13]
30.99
28.40
25.35

ARF [15]
30.76
28.24
25.14

KSVD [22]
30.90
28.32
25.17

BM3D [20]
31.10
28.58
25.62

LossSpecific [4]
31.18
28.66
25.67

DLIS Lumi
31.23
28.71
25.65

Fig. 7. Test images for color image denoising.
TABLE V
C OMPARISON FOR COLOR IMAGE DENOISING . T HE LEFT- TOP, RIGHT- TOP, LEFT- DOWN AND RIGHT- DOWN VALUES IN EACH CELL ARE PSNR VALUES OF
KSVD [34], C-KSVD [24], NCSR [36], AND OUR METHOD .
Images
5
10
15
25

Castle
40.45 40.37
40.69 40.83
36.24 36.24
36.51 36.67
33.93 33.98
34.28 34.44
31.19 31.19
31.69 31.80

Mushroom
39.32 39.93
39.58 39.70
34.94 35.60
35.35 35.58
32.64 33.18
33.08 33.34
30.02 30.26
30.40 30.74

Train
39.28 39.76
39.60 39.54
34.26 34.72
34.63 34.62
31.37 31.70
31.75 31.75
28.12 28.16
28.50 28.48

Horses
39.66 40.09
39.98 40.01
35.02 35.43
35.38 35.44
32.54 32.76
32.88 32.94
29.82 29.81
30.10 30.17

Kangaroo
38.98 39.00
39.15 39.22
34.11 34.06
34.25 34.36
31.55 31.30
31.66 31.80
28.65 28.39
28.80 28.93

Average
39.54 39.83
39.80 39.86
34.91 35.21
35.22 35.33
32.40 32.58
32.73 32.85
29.56 29.56
29.90 30.03
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(a) Real-captured noisy image

(b) Ground-truth clean image
12000

Frequency for Luminance noise
Frequency for Chro−1 noise
Frequency for Chro−2 noise
Frequency for Gaussian white noise

10000

8000

Power

perception with highest PSNRs.
In Table V, we compare our approach to sparse representation based denoising approaches, including KSVD [34], color
sparse representation (C-KSVD) approach [24], and nonlocally centralized sparse representation (NCSR) approach [36].
NCSR has been shown to be a state-of-the-art sparse representation approach for image denoising. Because the source code
of C-KSVD is not available, we use the PSNRs in [24] for CKSVD and compare the other approaches on the exactly same
dataset as in [24]. The test images are shown in Figure 7. For
both KSVD and NCSR, we transform color images into OPP
color space, and perform denoising using these approaches
for each channel as our approach. As shown in Table V,
our approach performs consistently better in average PSNR
than the compared sparse representation based approaches
especially for larger noise levels.

7

6000

4000

2000

III. R EAL C OLOR I MAGE D ENOISING
In this section, we apply the proposed color noise removal
method to the real captured color images. In the low light
environment, real color noise has different characteristics
than synthetic Gaussian white noise. The real noisy image
contains more middle or low frequency noisy patterns. Figure
8 (d) compares the power spectrums of real color noise and
Gaussian white noise at different frequencies. The synthetic
Gaussian noise has constant power spectrum across different
frequencies. But the real-captured color noise has decreasing
power spectrum w.r.t. increasing frequencies. It means that the
real-captured color noise has larger power spectrum in middle
and low frequencies. Therefore, the real-captured color noises
are prone to mix with the image signals and more difficult to
be removed compared to the Gaussian white noise. Also, in
the real captured color image, the noise level depends on the
intensity level [7].
A. Laplacian Pyramid based denoising
To better remove the noise in different frequencies, we
propose a progressive, multi-scale color denoising framework
using Laplacian Pyramid. The basic idea is to decompose
the color noisy image into a multi-scale representation, and
then progressively denoise the image from coarser scale to
the finer scale. At each scale, the noise is removed by the
discriminatively learned iterative shrinkage (actually can be
any denoiser).
Framework. Figure 9 illustrates the basic framework. Given
e we first build a L level Gaussian
an input noisy image I,
e by successively down-sampling
pyramid {Bl }L
(B
=
I)
1
l=1
(bilinear) the image by a factor of 2. Then we build a Laplacian
Pyramid by Dl = Bl − Bl+1 ↑ (l = 1, · · · , L − 1, ↑
indicates upsampling) and DL = BL . Thus, the noises are
decomposed into the multi-scale layers {Dl }L
l=0 such that we
can effectively handle them separately.
At the coarsest scale, DL = BL can be directly denoised.
For the other scales, we first construct a “noisy” image Bln =
Dl + B̂l+1 ↑, which is the sum of the detail layer Dl at current
scale l and the upsampled version of the restored image B̂l+1
at coarser scale l +1. Then, we estimate the restored image B̂l

0

0

50

100

150

200

250

300

350

Frequency

(c) Ground-truth color noise

(d) Noise frequncy analysis

Fig. 8. Real color noise and its frequency power spectrum. The real color
noises are mostly middle and low frequency noisy patterns while Gaussian
white noises are uniformly distributed in all frequencies.

from Bln . The final restored image is B̂1 at the finest scale.
Figure 10 shows the multi-scale denoising algorithm for realcaptured color noise removal.
In the proposed algorithm, we still have three technical
issues to be solved: 1) how to estimate the intensity-dependent
noise levels at each scale? 2) how to adapt our denoising
method to image bands with intensity-dependent noise levels
because our DLIS model is learned from training images with
a certain noise level? 3) we need to learn the model from the
real color noises.
Noise estimation. We now estimate the intensity-dependent
noise level from the noisy image at each scale. Motivated by
the method in [7], we first over-segment the noisy image (e.g.,
Bln at scale level l) into a set of color consistent segments and
compute the means and variances (std.) for each segment. All
the color channels share the same over-segmentation but noises
are independently estimated for each color channel.
Instead of estimating a continuous noise level function in
[7], we uniformly divide the intensity levels into 10 bins, and
then estimate the noise level (standard deviation, i.e., std.) for
each intensity bin as follows. We put image segments into 10
disjoint sets {Ωb }10
b=1 based on their mean intensity values,
and Ωb is the set of segments with mean intensities falling
into the b-th intensity bin. Then, we jointly estimate the noise
level values {σb }10
b=1 by optimizing the following quadratic
function:
{σb∗ } = arg min
{σb }

10
X
b=1

[(σb+1 −σb )2 +

X

wbi (σb − σ̂i )2 ], (14)

i∈Ωb

where σ̂i is the standard deviation of the i-th segment in the
set Ωb . The first term imposes a smoothness constraint over the
noise level values among the nearby intensity bins. The second
term enforces that each noise level value σb should be close
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Upsampled result at coaser scale

Noise estimation

Detail layer at current scale

Denoising result by DLIS
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4

3
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1

0
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−100

−50
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50
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Hierarchical Denoising from scale L to 1
Input noisy image

Denoised result

Fig. 9. Hierarchical framework of real-captured noisy image denoising based on discriminatively learned iterative shrinkage model.

e
Input: Noisy input image I.
e
Laplacian pyramid: construct Gaussian pyramid {Bl }L
l=1 from I, then build a Laplacian Pyramid
{Dl }L
:
D
=
B
−
B
↑
(l
=
1,
·
·
·
,
L
−
1),
and
D
=
B
.
l
l
l+1
L
L
l=1
Denoising: progressively denoise level l of Laplacian pyramid from l = L to 1:
n
n
n
• Construct noisy image Bl at level l: If l = L, Bl = DL ; else if l < L, Bl = Dl + B̂l+1 ↑
, where Dl is the image band (mixture of image details and noises) at level l of Laplacian
pyramid, and B̂l+1 is the denoised image at higher level l + 1.
n
• Patch grouping: find the group of similar patches based on Bl .
• Noise estimation: estimate intensity dependent noise levels, and compute the scale factors sk
for normalizing the noise level of each patch group.
n
• Denoise at current level: denoise Bl based on Equation (16), and produce the clean image
B̂l at current level l.
Output: the denoised color image I r = B̂1 .
Fig. 10. Multi-scale real color noise removal algorithm based on Laplacian pyramid and DLIS.

to the standard deviations of segments in the set Ωb . When no
segment lies in a intensity bin b, i.e., Ωb is an empty set, noise
level value σb will be interpolated from neighboring bins by
optimizing the quadratic function. The weight wbi determines
the importance of the standard deviation of segment i ∈ Ωb
for estimating noise level value σb . It is defined as:
exp(−λσ̂i )
,
j∈Ωb exp(−λσ̂j )

wbi = P

i ∈ Ωb

It gives higher weight to the segment with smaller standard
deviation, i.e., σ̂i . It implicitly means that, the smoother image
segment has higher weight. That is because, in the smooth
segment, the image signals are smooth and the variance of the
segment mostly comes from the noises. Then, the variance
of smooth segment is smaller than the variance of nonsmooth segment when they are in the same intensity bin. We
assign higher weight to smooth segment because its standard
deviation (i.e., the root square of variance) value gives a
reliable estimation of noise level.
The parameter λ controls the trade-off between smooth
regions and non-smooth regions, and larger λ prefers smoother
segments. We set this parameter by cross-validation over the
training set of real-captured noisy images: 0.5 for luminance
channel, and 0.1 for chrominance channels. We estimate the
noise level at each scale l and the over-segmentation is
performed on the upsampled denoised image at coarser scale

when l < L or BL when l = L.
The minimization problem in Equation (14) is a standard
convex optimization problem, we optimize it by standard
gradient descent algorithm.
Model adaption. The noises in real captured color images are
intensity-dependent. But our whole image iterative shrinkage
model is discriminatively trained from training images with
a certain noise level. We have to adapt the model to handle
images with intensity-dependent noise levels. To achieve that,
we normalize the noise level of each patch group in an image
(at a certain level of image pyramid) into a standard noise level
σ0 2 , perform shrinkage over the scaled patch group, and then
scale the patch group back. This procedure can be achieved
as follows.
Formally, for a noisy 3D patch Y , we approximate the scale
σ0
factor by s = σaver
, where σaver is the average noise level
for all the pixels in Y . By scaling the 3D patch Y using s,
the scaled 3D patch sY has normalized average noise level
σ0 . Then 3D patch shrinkage model is extended to:


P X
K
X
1
X =
sY −
wi ρij (swiT Y vj )vjT 
s
i=1 j=1
P

=
2 We

Y −

K

1 XX
wi ρij (swiT Y vj )vjT ,
s i=1 j=1

(15)

set the standard noise level σ0 to 10 for real color noise removal.
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K X
P −
−−→
−−−→
X
X
∂I t+1
−1 T
T
T T 0
T
t
=
Q Pk (E −
wi vj (wi vj ) ρij (sk wi Yk vj ))Pk
∂I t
i=1 j=1
k=1

−−−→
−→
T
K
−−−→
∂ Xkt
1 X ∂ wi vj
T
t
T
t
T 0
T
t
=−
[
ρij (sk wi Yk vj ) + wi vj (sk Yk vj ) ρij (sk wi Yk vj )]
∂wi
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Luminance	
  channel	
  

−−−→
−→
T
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∂ Xkt
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t
T
0
t
T
T
t
T
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[
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∂vj
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∂Xkt
ij
∂yn

	
  Chrominance	
  channel	
  1	
  

=−

1
T
ij
T
t
wi vj (ηn (sk wi Yk vj )),
sk

where sk is the scale factor to normalize the noise level of kth path group. Based on the above gradients, we learn the
optimal parameters of shrinkage functions and W, V using
stochastic gradient descent algorithm as discussed in Section
II. Figure 11 shows examples of learned shrinkage functions
for real color noise removal.

	
  Chrominance	
  channel	
  2	
  

B. Evaluation for real-captured noise removal
Fig. 11. Examples of learned shrinkage functions in different color channels
for real color noise (noise level of 10) removal. The frequency of corresponding transform basis from top-left to bottom-right is increasing in each
sub-figure.

in which, the shrinkage is performed over the scaled 3D patch,
and scale back by 1s . Then the whole image iterative shrinkage
model will be extended to:


Ykt = Pk I t , I 0 = Ie



PP PK
Xkt = Ykt − s1k i=1 j=1 wi ρij (sk wiT Ykt vj )vjT

P T
P T t


 I t+1 = (
P P )−1
P X ,
k

k

k

k

k

k

(16)
where k is the index of patch group, and t is the index of
iteration.
Model learning on real images. We now discuss how to learn
the shrinkage functions and W, V in Equation (16) for real
color noise removal. The power of our discriminative model
is that we can learn it from the real noisy data regardless of
the true noise generation process. To acquire real noisy/clean
training image pairs, we captured a burst of hundreds of
images of static scenes using tripod and approximate the
“truth” clean image by averaging. We obtained ten-pairs of
noisy/clean images in indoor/outdoor low light environment,
and cropped 40 training image pairs from the pyramids of
these images at randomly chosen scales and positions with
the resolution of 200 × 200. The intensity-dependent noise
levels are estimated using the clean image.
Unlike learning from synthetic noisy image, the noise level
of each 3D patch in the real image is intensity-dependent
and spatially different. Therefore, during the learning of DLIS
model, we also need to scale each 3D patch to match the
standard noise level and scale back after shrinkage. We now
derive the updated gradients of loss function to the parameters.
The major difference to the learning method for synthetic
Gaussian noises is that a scale factor normalizing noise level
is introduced to handle the intensity-dependent noise levels.
Then the gradients are mostly the same as in Equation (13)
except that:

TABLE VI
T HE PARAMETER SETTINGS OF THE DLIS MODEL FOR REAL COLOR NOISE
REMOVAL .
Parameters
M
K
P
L

Descriptions
Number of iterations
Number of bases in W
Number of bases in V
Number of levels in Gaussian pyramid

Values
4
8
64
5

We evaluate our method over a set of real-captured color
noisy images (no overlap with training images) in low-light
environment. The parameters of the real color noise removal
algorithm in Figure 10 are summarized in Table VI. We
compare our method with the state-of-the-art color denoising
method C-BM3D and the best denoising commercial software Noiseware (www.imagenomic.com). We manually set the
noise level for C-BM3D to produce more visually pleasant
results with high PSNR value, and we exhaustively tune the
parameters in Noiseware. The PSNRs of results by C-BM3D
are consistently higher than those by Noiseware, however, the
Noiseware produces more visually pleasant results with less
chrominance noises compared to C-BM3D. Compared to these
two methods, our approach produces denoising results both
visually better and quantitatively higher in PSNR and SSIM
values as shown in Table VII.
TABLE VII
C OMPARISON FOR REAL - CAPTURED COLOR NOISE REMOVAL . T EST
IMAGES ARE SHOWN IN F IGURE 12.
Image index
(a)
(b)
(c)
(d)
(e)

NoiseWare
32.18
0.8816
37.53
0.8226
36.91
0.9090
34.19
0.9253
37.53
0.9232

C-BM3D [20]
32.88
0.9063
37.70
0.8410
37.22
0.9184
35.08
0.9321
37.70
0.9170

DLIS
34.05
0.8943
38.80
0.8681
38.00
0.9264
36.25
0.9470
38.80
0.9248

In Figure 13, we show an additional denoising result over
highly textured noisy image. In this image, it is challenging to
remove color noises while preserving the fine detailed textures
in the sweater. Compared to C-BM3D and Noiseware, our
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(a)

(32.18, 0.8816)

(32.88, 0.9063)

(34.05, 0.8943)

(b)

(37.53, 0.8226)

(37.70,0.8410)

(38.80, 0.8681)

(c)

(36.91, 0.9090)

(37.22, 0.9184)

(38.00, 0.9264)

(d)

(34.19, 0.9253)

(35.08,0.9321)

(36.25, 0.9470)

(e)
Noisy image

(37.53, 0.9232)
NoiseWare

(37.70, 0.9170)
CBM3D

(38.80, 0.9248)
Our method

Fig. 12. Real color image denoising results. The values under each denoising result are PSNR and SSIM respectively.

Ground-truth
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(a) Noisy image

(c) Result of C-BM3D
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(b) Result of Noiseware

(d) Our Result

Fig. 13. An example on highly textured real color image. (b-d) are results by Noiseware, C-BM3D, and our approach. Please refer to the electronic version
and zoom-in for better comparison.

multi-scale denoising method can effectively remove color
noises and well preserve the image details by progressively
denoising in the Laplacian pyramid.

scaling method in Equation (15) to handle intensity-dependent
noises. Figure 14(a) shows the result by C-BM3D in which the
noise level is tuned to produce the best PSNR. In Figure 14(b)(d), we use the estimated multi-scale intensity-dependent noise
levels for denoising. We find that C-BM3D and DLIS learned
from the synthetic noises cannot effectively remove real color
noises because of the different noise characteristics. Our hierarchical DLIS model trained from real color noises produces
much better denoising result as shown in Figure 14(d).
IV. C ONCLUSION

(a) C-BM3D, PSNR=39.77

(b) Hierarchical C-BM3D,PSNR=38.01

(d) Hierarchical DLIS trained over real(c) Hierarchical DLIS trained over
captured color noises, PSNR=40.52
Gaussian white noises, PSNR=38.99

Fig. 14. Comparison for different denoising framework. The noisy/clean
images are shown in Figure 8(a)(b). Please refer to the electronic version
and zoom-in for better comparison.

To justify the effectiveness of learning model from real
noises, we further compare C-BM3D, hierarchical C-BM3D,
hierarchical DLIS (trained on Gaussian white noise), hierarchical DLIS (trained on real noise). For hierarchical C-BM3D,
we utilize C-BM3D as denoiser at each scale and the noise

We presented a novel discriminatively learned whole image
iterative shrinkage model for color image denoising. The discriminative learning automatically adapts the model to remove
synthetic color noises and real noises, and the Laplacian Pyramid based framework makes it better for handling real color
noises. Based on the encouraging results on both synthetic and
real data, we envision that different imaging devices will have
device-specific denoiser to fully exploit the noise statistics
in the captured images. We are also interested in applying
this approach to the other low-level vision problems, e.g.,
demosaicing or inpainting.
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