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Abstract

Color image denoising is more challenging in effective-

ness when comparing with the grayscale one. Most existing

methods play a certain role in efficiency or flexibility, but

lack robustness to handle various noise levels, especially

the severe noise. This keeps them away from being prac-

tically applied to color image denoising. To address this

issue, we propose a robust CNN based denoiser, namely

Recursive Information Distillation Network (RIDNet), to

handle the denoising task at high noise levels. The proposed

RIDNet simultaneously keeps the efficiency and flexibility

by introducing the information distillation module and

merging a tunable noise level map as the input, respective-

ly. Experiment results on Additive White Gaussian Noise

(AWGN) images demonstrate that our method outperforms

most of the state-of-the-art color image denoisers.

1. Introduction

As one of the low level computer vision tasks, image

denoising plays a major role in many regards, such as

image pre-processing for high level computer vision tasks

[2], testing platform for assessing image prior models and

optimization methods [21, 35, 8], and so on. Similar as

previous image denoising approaches [20, 4, 19, 6, 29, 30],

in this paper we adopt AWGN with a given noise level.

There are two reasons: first, AWGN is a natural choice

when there is no specific idea with noise source; second,

real-world noise can be approximated as locally AWGN in

a certain way [15]. Recently, Deep Learning (DL) based

methods have been widely used for solving various inverse

problems, such as image reconstruction, super-resolution
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and denoising [33, 34, 23, 28, 27], and great achievement in

AWGN denoisers has been reached. These methods mainly

focus on grayscale images and intend to learn the potential

image prior as well as to fast inference from a training set

of noisy images with corresponding ground-truth images

[30]. However, when the input is color images (RGBs)

that involve more semantic information and reliable rep-

resentation for real scenes, simply employing the existing

methods often fails to gain uniformly competitive denoising

performance among effectiveness, efficiency and flexibility.

Many methods have been proposed to achieve high

performance on one or two items among effectiveness,

efficiency and flexibility of color image denoiser. These

methods can be generally grouped into two categories, non-

learning based methods and learning based ones. Repre-

sentative methods of the former category include CBM3D

[4], MCWNNM [26], and so on. CBM3D first classifies

an image into groups of patches, then applies collaborative

filtering to each group, and obtains the denoised image

from the filtered patches at the end. MCWNNM is vector

representation based CBM3D-like method. It introduces a

weight matrix under the WNNM framework [8] to balance

the contributions of R, G, and B channels according to their

noise levels. Although above non-learning based methods

achieve excellent denoising performance for color images,

they suffer from several drawbacks, for example, time-

consuming. On the other hand, learning based methods are

recently dominated by CNN based methods [29, 30, 11].

From the viewpoint of regression, they are designed to learn

a mapping function x = F (y; θσ) between the noisy input

y and the desired output x. The model parameters θσ
are trained for noisy images corrupted by AWGN with a

preset noise level σ. DnCNN [29] obtains very competitive

denoising performance, while FFDNet [30] is proposed

later to additionally improve both the effectiveness and the

flexibility. The prosperity of CNN for image denoising

gives the credit to its superior modeling capacity and enor-

mous progress in network training and design. However,

existing CNN based denoising methods hardly ever achieve

satisfying performance when encountering severe noise.



They are limited by the lack of network capability that

these networks always contain just several layers. Hence,

we propose a deeper network to deal with the color images

suffering from severe noise, in which both the information

distillation module [10] and the recursive learning strategy

[13] are introduced to enjoy the efficiency. Furthermore,

following the FFDNet, a tunable noise level map is taken

into account as a part of the input to keep the flexibility of

the proposed method.

We experimentally evaluate the proposed method on

images corrupted by AWGN. Then we compare the pro-

posed method with state-of-the-art color image denoising

methods, such as CBM3D [4], DnCNN [29] and FFDNet

[30]. The proposed method evidently performs better

than the benchmark methods. More specially, comparing

with the benchmark methods, the higher noise level is,

the better denoising performance the proposed method can

have. Meanwhile, the computational efficiency is well kept

within a competitive range.

The rest parts of this paper are arranged as follows:

Section 2 reviews the related work which not only comes

from image denoising but also super-resolution. Section 3

presents our proposed color image denoising network which

mainly benefits from the recursive information distillation

modules. Section 4 demonstrates the experimental results

as well as the comparison with others. Finally, Section 5

concludes this paper.

2. Related work

In this section, we first briefly review several recently

proposed learning based AWGN denoiser, and then intro-

duce two practical techniques for CNN based denoising

methods.

2.1. Learning based AWGN denoiser

CNN based denoising methods have obtained outstand-

ing performance to remove synthetic Gaussian noise. In

[1], a method applying Multi-Layer Perceptron (MLP) was

proposed to denoising task. In [3], a Trainable Nonlinear

Reaction Diffusion (TNRD) model was proposed to remove

Gaussian noise in various noise levels. MLP and TNRD

are competitive non-blind AWGN denoisers that keep pace

with CBM3D [4]. DnCNN [29] was proposed as a CNN

based blind AWGN denoiser for the first time. It highlights

the superiority of residual learning and batch normalization.

After that, an effective CNN based model called FFDNet

[30] was proposed by taking account the noise level map as

a part of the network input. Later, a method [25] based on

FFDNet was proposed to comprehensively analyze diverse

techniques of FFDNet, and it implies that the use of

residual learning is helpful for FFDNet. Recently, the

denoising performance was boosted up with the help of

semantic segmentation for distinguishing the foreground

and background [17, 16]. In addition, a pixel-shuffle down-

sampling module was proposed to transform realistic noise

to AWGN-like one [32], which efficiently results in the

application of AWGN denoisers to realistic noise.

2.2. Information distillation

First proposed in [10] for Single Image Super-Resolution

(SISR), Information Distillation Module (IDM) is famous

for its superiority to capture plentiful and competent infor-

mation. As shown in Figure 1, the IDM mainly consists

of three parts: a local short-path information captor, a local

long-path information captor and a compressing layer. The

local short-path information captor contains the first three

convolutional layers while the local long-path one contains

another following three convolutional layers. Following

each of the 3 × 3 convolutional layers there is a Leaky

Rectified Linear Unit (LReLU) as the activation func-

tion, which is omitted in Figure 1. Additionally, between

these two captors there are information split, separating

the features along the channel, and feature concatenation.

Following the latter captor there is a point-wise adding

operation. By the cooperation of above modules, plentiful

and competent features could be gradually obtained. Ex-

perimentally proved by the authors, IDM highly benefits

the enhancement of the outline areas of an image when

training the network. That is to say, IDM is suitable for

learning the high frequency information which includes

the noise inside a noisy image. Therefore, with residual

learning [9], IDM could be excellently applied to image

denoising, theoretically. Especially when several IDMs are

cascaded, a deep but compact network is formed to reach

great denoising performance with high efficiency.

2.3. Recursive learning

To keep the model parameters under control when in-

creasing the depth of a network, recursive learning is

adopted in SISR [13, 24]. Recursive learning is developed

on the idea of parameter sharing, which is achieved by

recursively calling the same module during the implemen-

tation of network training. To do so, the depth of a network

increases by several times while the amount of parameters

keeps unchanged. Hence, recursive learning is an effective

technique to improve abundant feature retaining in a deep

model without introducing additional parameters.

3. Proposed method

In this section, we first introduce the architecture of

the proposed deep but compact network which mainly

consists of several modified IDMs for color image AWGN

denoising. Then the modified IDM and the loss function are

introduced.



Figure 1. Structure of Information Distillation Module, feature maps are all in the same h×w size.

Figure 2. Structure of proposed network, feature maps are all in the same h×w size, and the network output is 3-channels estimating noise.

3.1. Network architecture

As shown in Figure 2 with different colors, our proposed

network consists of three parts: two convolutional layers

for feature extraction, N stacked modified IDMs and a 1×1
convolutional layer for feature compression. (1) Conv3×3:

for the first two layers, 64 filters with size 3× 3 are utilized

to generate 64 feature maps. (2) Conv3 × 3 + LReLU: for

layers except the last one inside each of the modified IDMs,

different number of filters with size 3× 3 are used, together

with LReLU utilized for nonlinearity, which is omitted in

Figure 2. (3) Conv1× 1: for the last layer of each modified

IDM and that of the whole network, 64 filters with size

1 × 1 and 3 filters with size 1 × 1 are used to compress

the feature, respectively. In order to learn the noise to be

removed, the whole network is in a residual learning form.

Besides, as implied by FFDNet [30], jointly taking the noisy

image and noise level as input makes sense for CNN to

balance the noise remove and the detail maintenance. By

doing so, it will largely boost up the flexibility of a single

network. Hence, as shown in Figure 2, the input of our

network is a noisy observation which is jointed with a noise

level map when being fed into the network. However, the

training model may suffer from visual artifacts caused by

taking into a much higher noise level map as input, and we

adopt the orthogonal initialization of the convolution filters

[12] to suppress this difficulty.

3.2. Recursive information distillation modules

IDM in [10] shows the superiority to capture plentiful

and competent information for SISR, and we take it into ac-

count to construct a deep network for color image denosing

task by repeatedly stacking several IDMs. In order to better

fit the target in color image denoising task, a modified IDM

is proposed, as shown in the blue dashed box in Figure 2, to

make good use of the multi-scale information. Comparing

with the initial IDM shown in Figure 1, the modified IDM

increases the filters of the first two layers from 48 and

32 to 56 and 40, respectively. Therefore, there comes

out a deeper feature map, and part of it will be handed

out for feature concatenation later. As for the local long-

path information captor, the filters of the three layers are

modified in a gradually increasing form, which specifically

are 32, 64 and 96, respectively. Furthermore, in order to

control the parameters of the network, recursive learning

is adopted to share the parameters of each modified IDM.

Hence, they are finally defined as the recursive information

distillation modules in the proposed network named as

Recursive Information Distillation Network (RIDNet).

3.3. Loss function

Experimentally proved by [16], different loss functions

for one single denoising network may lead to different

experimental results. Take the FFDNet as example, the L1

loss function leads to the smoother flat areas, hence less



low-frequency noise can be perceived. And the L2 loss

function better maintains detail information but perceives

spotted artifacts in flat areas. As a residual network is

constructed to learn the high-frequency information, the L2

error is finally adopted to be the loss function of RIDNet,

which is formulated as follows:

L(θ) =
1

2N

N∑

i=1

||R(yi;Mi;θ)− (yi − xi)||
2, (1)

where θ is the trainable parameters in the network,

[(yi,xi)]
N

i=1
are N noisy-clean patch pairs of training

images, and Mi is the i-th noise level map, in which yi is

extracted by adding AWGN to the original image xi.

4. Experiments

4.1. Training datasets

Following the FFDNet, we adopt the dataset including

400 images from the BSD dataset [22], 400 images from the

validation set of ImageNet [5], and the 4,744 images from

the Waterloo Exploration dataset [18] for training. Each

image of the training dataset is applied to form the input-

output pairs [(yi,Mi;xi)]
N

i=1
.

4.2. Testing datasets

The proposed method is evaluated on three widely-used

datasets: BSD68 [22], Kodak24 [7], McMaster [31]. The

BSD68 dataset contains 68 images with size 481×321 from

the testing set of the BSD300 dataset. The Kodak24 dataset

contains 24 images with size 768 × 512. The McMaster

dataset is a widely-used dataset for color demosaicing,

which consists of 18 cropped images with size 500 × 500.

Compared to the Kodak24 images, the images in McMaster

dataset introduce more abundant colors [31], and is more

challenging for color image denoising task.

4.3. Implementation details

Taking into account the performance and training ef-

ficiency, the total number of epochs is set to 80, and in

each epoch, 64 × 8, 000 patches are randomly cropped

from the training images. The patch size should be larger

than the receptive field of the network, which is set to

40 × 40 for avoiding over-fitting as well. The noisy

patches are extracted by corrupting the clean patches with

the uniform AWGN of noise level σ ∈ (0, 75). Since

the RIDNet is a fully convolutional one, it succeeds to

the local connectedness that the output pixel depends on

the local noisy input and local noise level. Hence, the

trained network is talented to handle spatially variant noise

by giving a non-uniform noise level map.

The ADAM algorithm [14] with default parameters set-

ting is adopted to optimize network by minimizing the

above loss function. The learning rate starts from 10−3

and reduces to 1/10 of itself every time the epoch number

reaches the milestones (30, 50, 60), so the final learning rate

comes to be 10−6. The mini-batch size is set to 64, and the

models are trained in Pytorch environment with an Nvidia

TitanX GPU. The training of a single model can be done

within one day.

4.4. Experimental results and comparison

In this subsection, we evaluate the RIDNet on noisy

color images corrupted by AWGN. And we mainly compare

our proposed method with state-of-the-art methods CBM3D

[4], DnCNN [29] and FFDNet [30] and the improved

FFDNet (Im-FFDNet) [25]. Tables 1, 2 and 3 report

the testing results on CBSD68, Kodak24, and McMaster

datasets with different noise levels, respectively. Note that

the results of CBM3D, CDnCNN, and FFDNet are directly

obtained from [30], while the model of the Im-FFDNet is

retrained on the same dataset adopted in this paper to fairly

regain the testing results in above three tables. Besides, the

qualitative comparison between Im-FFDNet and RIDNet is

shown in Figure 3.

From the experimental results, one can observe as fol-

lows: first, RIDNet surpasses CBM3D by a large margin a-

mong all three datasets, which demonstrates the superiority

of learning based methods over non-learning ones. Second,

in terms of PSNR, RIDNet slightly outperforms the three

learning based methods on CBSD68 dataset except when

the noise level is extremely low, i.e., σ ≤ 15. While on the

other two datasets, RIDNet generally achieves a obvious

gain (> 0.1dB) even the noise level is up to 75, which

demonstrates the superiority of a deeper network to handle

severe noise. Third, for the testing time, RIDNet costs

only 0.1s to 0.3s to inference one single image on GPU,

which means negligible time-consuming. Although the

time-consuming is about two times longer compared with

the Im-FFDNet, RIDNet owns a five times deeper network

over its. Last but not least, as intuitively shown in Figure

3, RIDNet shows its superiority among edge information

preserving, details retaining and visual artifacts avoiding.

From the first row in Figure 3, RIDNet keeps the edge of

the lip smoother, cause it owns a deeper network to capture

more abundant feature. And from the second and third rows,

RIDNet better maintains the details in the windows and the

finger, caused by the local short-path and long-path captor

inside modified IDM to capture vast contextual information.

Finally from the last row, we can see that RIDNet introduces

no visual artifacts.

On the basis of above observations, RIDNet serves as a

more robust AWGN denoiser for color images. Especially

when existing attack from serious noise, RIDNet can still

overcome it effectively as well as keep the efficiency and

flexibility.



Figure 3. Color image denoising results (σ = 50) for comparison between Im-FFDNet and our RIDNet.



σ Model PSNR(dB) SSIM Testing time(s)

CBM3D 33.52 - -

DnCNN 33.89 - -

15 FFDNet 33.87 - -

Im-FFDNet 33.76 0.9643 0.07

Ours 33.83 0.9648 0.13

CBM3D 30.71 - -

DnCNN 31.23 - -

25 FFDNet 31.21 - -

Im-FFDNet 31.17 0.9397 0.05

Ours 31.24 0.9406 0.13

CBM3D 28.89 - -

DnCNN 29.58 - -

35 FFDNet 29.58 - -

Im-FFDNet 29.57 0.9171 0.06

Ours 29.64 0.9185 0.13

CBM3D 27.38 - -

DnCNN 27.92 - -

50 FFDNet 27.96 - -

Im-FFDNet 27.97 0.8869 0.07

Ours 28.05 0.8893 0.13

CBM3D 25.74 - -

DnCNN 24.47 - -

75 FFDNet 26.24 - -

Im-FFDNet 26.25 0.8439 0.07

Ours 26.36 0.8485 0.13

Table 1. Experimental results on BSD68 dataset.

σ Model PSNR(dB) SSIM Testing time(s)

CBM3D 34.28 - -

DnCNN 34.48 - -

15 FFDNet 34.63 - -

Im-FFDNet 34.62 0.9646 0.12

Ours 34.75 0.9654 0.23

CBM3D 31.68 - -

DnCNN 32.03 - -

25 FFDNet 32.13 - -

Im-FFDNet 32.21 0.9436 0.12

Ours 32.33 0.9449 0.23

CBM3D 29.90 - -

DnCNN 30.46 - -

35 FFDNet 30.57 - -

Im-FFDNet 30.67 0.9241 0.12

Ours 30.80 0.9260 0.26

CBM3D 28.46 - -

DnCNN 28.85 - -

50 FFDNet 28.98 - -

Im-FFDNet 29.12 0.8975 0.10

Ours 29.26 0.9007 0.25

CBM3D 26.82 - -

DnCNN 25.04 - -

75 FFDNet 27.27 - -

Im-FFDNet 27.38 0.8583 0.11

Ours 27.57 0.8639 0.25

Table 2. Experimental results on Kodak24 dataset.

4.5. Ablation analysis

In this subsection, we further evaluate the effectiveness

of different components in RIDNet. First, we respectively

model the network by the initial IDM and by the modified

IDM. In the same training and testing condition, experimen-

tal results are shown as the first two rows on each of the

testing datasets in Table 4. It can be seen that the modified

IDM surpasses the initial one by a large margin, which

means the modified IDM can form a more robust network

to deal with severe noise problem. Then, we test the impact

of multi-scale information and noise level map, as shown

σ Model PSNR(dB) SSIM Testing time(s)

CBM3D 34.06 - -

DnCNN 33.44 - -

15 FFDNet 34.66 - -

Im-FFDNet 34.53 0.9717 0.08

Ours 34.83 0.9731 0.17

CBM3D 31.66 - -

DnCNN 31.51 - -

25 FFDNet 32.35 - -

Im-FFDNet 32.33 0.9564 0.06

Ours 32.57 0.9582 0.17

CBM3D 29.92 - -

DnCNN 30.14 - -

35 FFDNet 30.81 - -

Im-FFDNet 30.84 0.9423 0.06

Ours 31.05 0.9446 0.16

CBM3D 28.51 - -

DnCNN 28.61 - -

50 FFDNet 29.18 - -

Im-FFDNet 29.12 0.8975 0.06

Ours 29.06 0.9007 0.15

CBM3D 26.79 - -

DnCNN 25.10 - -

75 FFDNet 27.33 - -

Im-FFDNet 27.38 0.8583 0.06

Ours 27.57 0.8639 0.16

Table 3. Experimental results on McMaster dataset.

Dataset Modeled by Noise

map

Multi

scale

PSNR

(dB)

SSIM

i-IDM w w/o 27.49 0.8761

BSD m-IDM1 w w 27.64 0.8804

68 m-IDM2 w w/o 27.62 0.8799

m-IDM3 w/o w 27.52 0.8774

i-IDM w w/o 28.62 0.8869

Kodak m-IDM1 w w 28.86 0.8928

24 m-IDM2 w w/o 28.83 0.8924

m-IDM3 w/o w 28.66 0.8886

i-IDM w w/o 28.72 0.9141

Mc- m-IDM1 w w 28.99 0.9189

Master m-IDM2 w w/o 28.96 0.9185

m-IDM3 w/o w 28.79 0.9153

Table 4. Experimental results (σ = 55) of RIDNet with different

components, i-IDM for the initial IDM, m-IDMx (x=1, 2 or 3) for

the modified IDM, w for with, w/o for without and Multi scale for

multi-scale information.

in the last two rows on each of the testing datasets in Table

4, the experimental results demonstrate that they play an

integral role in the modified IDM.

5. Conclusion

In this paper, we propose a deep but compact CNN called

RIDNet for robust color image denoising. By stacking the

recursive information distillation modules with accounting

the noise level as input, RIDNet can simultaneously keep

the effectiveness, efficiency and flexibility. Experimental

results demonstrate that the RIDNet enjoys the superiority

to get over severe noise effectively.
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