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I. INTRODUCTION

We have recently proposed cascaded Neural Network and
3D collaborative filter (NN3D) [1], an image denoising frame-
work that is able to combine a convolutional neural network
(CNN)-based filter (CNNF) with an nonlocal filter (NLF).

Current CNNFs have been shown [3] to be inherently local-
operators and therefore unable to efficiently leverage repeated
structures in different parts of the same image, which is at the
root of the success of nonlocal model-based methods such as
[2]. Although the receptive field of CNNFs can be enlarged
by increasing the number of layers, this is not practical for
achieving a receptive field as big as those realized by nonlocal
model-based approaches [3].

NN3D offers an efficient way to regularize CNNF with
the use of a nonlocal prior, which is especially useful when
dealing with stronger noise, preventing artefacts and improving
recovery of texture and edges. NN3D achieves state-of-the-art
performance in single-channel grayscale image denoising [1].

Here we present an extension of NN3D for denoising color
images corrupted by white i.i.d. noise.

II. PROPOSED APPROACH

As introduced in [1] and shown in Fig. 1, NN3D can be
summed up as the iterative application of a filter cascade with
back-projection. The filter cascade is composed of two filters:
a CNNF and an NLF. The first, trained for additive white
Gaussian noise (AWGN) removal produces an estimate that is
biased toward the learned data. The second, leverages nonlocal
information to constraint this estimate to the image content
and produce more meaningful results, which are sharper and
contain less artefacts. The use of back-projection allows a slow
convergence to an estimate that satisfies the criteria of both
filters.

The NLF use by NN3D was specifically designed to be
used within the framework and is composed of two stages:
Block matching (BM) and shrinkage. During BM, a look-up
table S that identifies self-similar patches in z is generated.
The presence of noise in z significantly degrades the BM
procedure, therefore ỹ0 is used as a surrogate for z. During
shrinkage, groups of similar patches are built from the output
of the CNNF according to S which are then filtered using a
smoothed firm thresholding in 1D transform domain.

The application of NN3D to color images requires the
following changes to the NLF presented in [1]:

1) Perform BM on the luminance channel;
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+

λk

1−λk

CNNF NLF
z̄k N

O
IS

Y

D
E

N
O

IS
E

D ỹk N
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Fig. 1. Flowchart of the generic k-th iteration of NN3D. The noisy image z is
assumed to have been obtained by corrupting all channels of the clean image
y with white i.i.d. noise of variance σ2. At each iteration, z is combined
with a previous estimate ŷk−1 of y as the convex combination z̄k = λkz +
(1 − λk) ŷk−1. First, z̄k is filtered by a convolutional neural network filter
(CNNF); then the CNNF output ỹk is processed by a Nonlocal filter (NLF),
whose output constitutes the new estimate ŷk . The method iterates with 1=
λ1>. . .> λk−1>λk>. . .>0.

2) Filter each RGB color channel independently.

In our approach, similarly to what is done in [2], we perform
BM on the Luminance channel of the YCbCr color transform.
When compared with performing BM on the original RGB
domain, this solution results in a BM procedure that is more
robust to artefacts introduced by the CNNF on individual color
channels. This single look-up-table is then used to filter each
of the RGB color channels independently.

III. RESULTS

We compared the proposed approach to a state-of-the-art
CNNF, IRCNN [4] in several color datasets and noise levels.
In NN3D, IRCNN was used as the CNNF component. All
other parameters are as presented in [1]. As one can see in
Table I, NN3D is able to outperform IRCNN in every dataset
and noise setting. The most significant differences can be
observed in the self-similarity rich Urban100 dataset, where
the introduction of the nonlocal element significantly boosts
the denoising performance. Fig. 2 demonstrates of the artefact
reduction ability of our proposal.

IV. CONCLUSION

We have shown that the denoising performance of state-of-
the-art CNNFs for color image denoising can be significantly
improved with the introduction of a nonlocal prior, proposed
an effective solution to achieve this goal and obtained state-
of-the-art results.
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Fig. 2. Images from Set14, with σ=50, processed by both IRCNN and NN3D with respective PSNR.

TABLE I
PSNR (DB) PERFORMANCE OF IRCNN VS NN3D(IRCNN).

Dataset σ IRCNN NN3D(IRCNN)

set5
25 31.95 32.05
50 29.00 29.15
75 27.16 27.45

set14
25 30.69 30.81
50 27.69 27.91
75 25.91 26.22

urban100
25 31.16 31.40
50 27.66 28.12
75 25.62 26.18

mcm
25 32.15 32.31
50 28.92 29.17
75 26.99 27.33
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