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ABSTRACT

Due to the fast inference and excellent learning capability,

deep learning has become an effective means for image de-

noising and attracted considerable attention recently. Howev-

er, for the images with rich textures and structures, the per-

formance of deep learning approaches is still unsatisfactory.

To address this issue, we develop a new convolutional neural

network (CNN) for subband image denoising and name it S-

DCNN. In the proposed approach, we first decompose images

into transform domain and denoise the coefficients of various

subbands. By incorporating frequency information with spa-

tial context, SDCNN is more effective in recovering image

details. In particular, the introduced procedure of subband

transform also plays the role of downsampling and enlarges

the receptive field without increasing depth or sacrificing effi-

ciency of network. Experimental results show that the SDC-

NN achieves promising results in terms of both objective and

subjective performance.

Index Terms— Image denoising, discrete cosine trans-

form, convolutional neural network

1. INTRODUCTION

With the development of imaging, computing and commu-

nication technologies, there has been a rapid growth in im-

age and video applications in recent years. At the same time,

the demand for high image qualities is increasing. However,

noise corruption is inevitable during the acquisition process,

and it may heavily degrade the visual quality of acquired im-

ages, especially when the intensity of light is low. Moreover,

noise removal is an essential step of various computer vision

tasks. Therefore, the problem of image denoising is classic

yet still active and has attracted much research interest.

Image denoising is a typical ill-posed inverse problem.

We generally assume that the original scene x is degraded by

some additive noise, as formulated by y = x + n, where n is the
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noise and y is the noisy signal. The goal of image denoising

is to recover a clean image x from its corrupted observation y.

Over the past decades, many approaches have been proposed

by exploiting the prior knowledge of natural images. Rudin et

al. [1] proposed to regularize the image’s total variation (TV).

Some other approaches [2–4] considered that most image sig-

nals can be sparsely represented by decorrelation transforms

and studied the image prior in transform domain. Particularly,

some methods, such as BM3D [5], WNNM [6] and BAS [7],

exploited nonlocal self-similarity (NSS) to model image prior

and have achieved promising performance.

However, such model-based methods are generally im-

plemented in an iterative manner and the process of opti-

mization is usually time-consuming. Recently, with the rapid

development of natural network, various powerful learning

based methods [8–12] have been proposed for image denois-

ing. In [8], multi-layer perception (MLP) was adopted for

noise removal and achieved comparable performance with B-

M3D [5]. Mao et al. [10] developed a fully convolutional net-

work (FCN) with symmetric skip connections to improve de-

noising performance. By exploiting the advances of residual

learning and batch normalization, DnCNN [11] outperformed

conventional model-based methods.

Although competitive performance has been achieved by

learning based methods, for images with rich patterns and tex-

tures, these methods sometimes perform inferior. Focus on

this issue, we develop a new CNN architecture to incorporate

image frequency information with spatial information. The

proposed architecture first adopts a block DCT to transform

the noisy image into frequency domain to reduce signal re-

dundancy, so that the network can focus on learning the in-

herent structure of image signals. Then, it reorganizes the

transform coefficients in band for reserving spatial contex-

t to ensure the effectiveness of CNN. In order to exploit the

dependency between subbands, the architecture takes all sub-

bands as input. In particular, the introduced DCT process can

be regarded as a downsampling operator and thus can enlarge

the respective field of network. Besides, to enrich feature rep-

resentation, the proposed method combines the feature maps

of different modules with skip-layer connections.
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Fig. 1. An example of BDCT-based downsampling.

The remainder of this paper is organized as fellows. Sec-

tion 2 briefly reviews some related works. Section 3 presents

the architecture of our proposed network. Section 4 conducts

some experiments to evaluate the SDCNN and Section 5 con-

cludes the paper.

2. RELATED WORK

2.1. Transform Domain Methods for Image Denoising

Considering the fact that most image signals can be sparsely

represented using decorrelation transforms, one of the clas-

sical approaches for image denoising is decomposing image

into several subbands and apply a thresholding on them to

exploit intra and inter correlation of corefficients. Typical

schemes of this category include [2–4]. In [2], the image was

first divided into small blocks. Then a discrete cosine trans-

form was performed and a thresholding was applied on the

coefficients to reduce noise. In [3], the authors decomposed

image into several wavelet subbands and then applied soft-

thresholding to the coefficients. Portilla et al. [4] proposed to

model the wavelet coefficients via mixture of Gaussians.

2.2. Deep Neural Networks for Image Denoising

The application of deep neural network for image denosing

can be traced back to 2009. Jain et al. [9] proposed a five-

layer network with sigmoid nonlinearity for image denoising.

Subsequently, auto-encoders were applied to handle noise re-

moval [13]. However, the performance of these early methods

generally cannot compete with BM3D [5]. Recently, Burger

et al. proposed to adopt multi-layer perception (MLP) [8]

to learn the mapping from noisy patch to the clean one and

the MLP model achieved comparable performance with B-

M3D. With the aid of residual learning and batch normaliza-

tion, Zhang et al. [11] proposed DnCNN and achieved state-

of-the-art performance. Mao et al. [10] presented a very deep

fully convolutional encoding-decoding network and suggest-

ed to add symmetric skip connections to network for improv-

ing performance. Considering trade-off between inference

speed and denoising performance, Zhang et al. [14] further

developed a a fast and flexible denoising framework based

on downsampling. To obtain and aggregate multi-context

representation, Santhanam et al. [12] proposed a recursive-

ly branched deconvolutional network (RBDN) based on the

process of pooling.

3. PROPOSED DCT-ASSISTED DENOISING
NETWORK

In this section, we first introduce the process of block dis-

crete cosine transform (BDCT) based preprocessing. Then,

we present our BDCT-assisted denoiser, and describe its net-

work architecture.

3.1. BDCT-based Preprocessing

In this paper, we present an invertible downsampling operator

instead of widely used pooling to enlarge respective field. As

shown in Fig. 1, the image is first divided into several equal-

size blocks and then a discrete cosine transform is performed

on the divided blocks to decompose them into frequency co-

efficients. Then, the coefficients are reorganized to a certain

number of subbands for reserving spatial context. Finally, al-

l the subbands are concatenated together as the input of our

denoising network so that the dependency between these sub-

bands can be well modeled by CNN.

We note that the proposed downsampling operator has the

following advantages. Firstly, as all downsampling operators,

it enlarges the network’s respective field, which can improve

network’s capacity while not increasing depth and sacrificing

efficiency. Secondly, different from other high-level computer

vision tasks such as classification and recognition, denoising

tasks are generally required to reconstruct image details and

the character of invertibility is essential. Moreover, with the

assist of BDCT, the proposed operator incorporates frequency

information with spatial context and is effective in improving

reconstruction quality.

3.2. Network Architecture

As an elementary study, we only focus on the SDCNN with

a transform size of 2 × 2 in this paper. Before training the

network, clean-noisy image pairs are first decomposed into

four subbands as described in Sec.3.1.

The proposed architecture is illustrated in Fig.2. It con-

sists of five residual blocks and four convolution layers. We

use color to differentiate varieties of layer: 1) Conv+PReLU:
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Fig. 2. The architecture of the proposed SDCNN network

for the first layer, 160 filters of size 3 × 3 × 4 are used to

extract the inter and intra characters of input subbands, and

parameteric rectified linear unit (PReLU) is then adopted for

nonlinearity. 2) Conv+BN+PReLU: for the first two layers

of residual blocks, the second-to-last layer and third-to-last

layer, 320 filters of size 3×3×n are used, and batch normal-

ization (BN) is added between convolution and PReLU. Here

n is equal to the number of input feature maps. Concretely,

for the first layer of residual block 4 and residual block 5, n
is equal to 320 and for other layers n is set to 160. 3) Con-

v+BN: for the third layer of residual blocks, 320 filters of size

3 × 3 × 160 are used, and followed by a BN layer. 4) Conv:

for the last layer, 4 filters of size 3 × 3 × 160 are utilized to

reconstruct the subbands. In our architecture, each residual

block is consist of one residual connection, one parameteric

rectified linear unit, two “Conv+BN+PReLU” layers and one

“Conv+BN” layer, where bypass connection adopts elemen-

twise summation for alleviating the gradient vanishing prob-

lem. Moreover, to enrich feature representation and forward

more details, we add two skip connections between residual

blocks using feature maps concatenation. Specially, the noisy

inputs are forwarded to the end of network to speed up train-

ing as well as boost performance, and the network is trained

to lean the residuals between clean-noisy pairs.

The proposed architecture is utilized to train a multi-

inputs to multi-outputs mapping. We denote network parame-

ters by Θ and output by F (y;Θ). Suppose S = {(yi, xi)}Ni=1

is the set of noisy-clean subband pairs, where yi is the ith
input and xi represents the corresponding ground-truth sub-

bands. Since DCT is an orthogonal transform, we can directly

adopt the averaged mean squared error in transform domain

as the loss function and it is represented as:

L(Θ) =
1

2N

N∑

i=1

C∑

j=1

‖yi(j) + F (yi(j); Θ)− xi(j)‖2F . (1)

Here C denotes the number of subbands and is set to 4 in this

paper. yi(j) denotes the jth subband of the ith input and xi(j)
represents the corresponding ground-truth.

4. EXPERIMENTS

4.1. Experimental Setting

4.1.1. Dataset

To train the SDCNN, we collect a large dataset including 400

images from Berkeley Segmentation Dataset (BSD) [15], 800

images from DIV2K [16] and 4744 images from Waterloo

Exploration Database (WED) [17]. Concretely, We crop the

images into small patches with the size of 80 × 80 and ran-

domly use N = 128 × 8000 patches for training in every

epoch. The noisy patches are obtained by adding AWGN of

noise level to the clean patches. In this paper, we consider

three noise levels i.e. σ = 15, 25 and 50. To get various noise

patterns and avoid overfitting, we re-generate Gaussian noise

in every epoch.

4.1.2. Network training

Before training network, the noisy-clean image pairs are

transformed into coeffiecients and reorganized in band. The

loss function in Eqn. (1) is adopted to train the mapping

F (y;Θ) from noisy coefficients to the clean ones. We ini-

tialize the weights by the method in [18] and use ADAM al-

gorithm with the default setting to optimize our network. The

mini-batch was set to 128. We train 50 epochs for our SDC-

NN and the learning rate is decayed exponentially from 1e-3

to 1e-5.

The network is implemented on Pytorch 0.4.1 environ-

ment running on a machine with Intel(R) Xeon(R) E5-2630

CPU 2.40GHz and an Nvidia TITAN Xp GPU. It takes about

two days for training a SDCNN model.

4.2. Quantitative and Qualitative Evaluation

To evaluate the performance of SDCNN, we compare our

method with five competitive denoising methods, i.e., BM3D

[5], WNNM [6], TNRD [19], DnCNN [11] and FFDNet [14].

We first evaluate different methods on the 12 widely used

test images [11] in Fig. 3. As shown in table 1, deep neural



Fig. 3. The test images in Set12.

Table 1. The PSNR(dB) results of different methods on Set12. We highlight the best two results in red and blue respectively.

Images C.man House Pepp. Starf. Mona. Airpl. Parrot Lena Barb. Boat Man Coup. Average

Noise Level σ = 15

BM3D [5] 31.92 34.96 32.68 31.17 31.88 31.01 31.42 34.26 33.10 32.12 31.89 32.11 32.38

WNNM [6] 32.20 35.15 32.99 31.89 32.80 31.40 31.64 34.39 33.55 32.26 32.12 32.18 32.71

TNRD [19] 32.20 34.58 33.03 31.81 32.66 31.45 31.68 34.24 32.09 32.12 32.16 32.10 32.51

DnCNN [11] 32.52 34.97 33.28 32.12 33.21 31.69 31.89 34.55 32.61 32.41 32.44 32.43 32.84

FFDNet [14] 32.36 35.16 33.25 32.06 32.71 31.56 31.81 34.61 32.55 32.40 32.43 32.43 32.78

SDCNN 32.92 35.42 33.61 32.25 33.38 31.98 32.09 34.82 33.14 32.65 32.55 32.70 33.13

Noise Level σ = 25

BM3D [5] 29.45 32.95 30.13 28.56 29.26 28.36 28.91 32.06 30.69 29.85 29.57 29.70 29.96

WNNM [6] 29.65 33.35 30.42 29.09 29.94 28.65 29.09 32.26 31.21 29.98 29.75 29.81 30.27

TNRD [19] 29.69 32.50 30.63 28.85 29.89 28.90 29.10 31.98 29.34 29.95 29.81 29.72 30.03

DnCNN [11] 30.27 33.14 30.81 29.39 30.46 29.09 29.45 32.42 30.06 30.22 30.09 30.09 30.46

FFDNet [14] 30.21 33.48 30.85 29.35 30.34 29.07 29.47 32.61 30.16 30.24 30.13 30.20 30.51

SDCNN 30.56 33.56 31.20 29.55 30.57 29.33 29.65 32.77 30.73 30.46 30.21 30.39 30.75

Noise Level σ = 50

BM3D [5] 26.13 29.67 26.58 24.96 25.64 25.06 25.88 28.98 27.25 26.70 26.73 26.43 26.67

WNNM [6] 26.42 30.43 26.93 25.36 26.17 25.36 26.09 29.23 27.78 26.88 26.85 26.64 27.01

TNRD [19] 26.63 29.44 27.03 25.42 26.29 25.58 26.19 28.83 25.68 26.91 26.91 26.50 26.78

DnCNN [11] 27.29 29.98 27.37 25.67 26.86 25.86 26.41 29.34 26.29 27.22 27.20 26.89 27.20

FFDNet [14] 27.11 30.55 27.61 25.73 26.73 25.86 26.56 29.69 26.72 27.26 27.23 27.17 27.35

SDCNN 27.63 30.82 27.81 26.07 27.04 26.08 26.83 29.82 27.31 27.51 27.32 27.29 27.63

network based methods exhibit better performance on most

images, whereas nonlocal self-similarity based methods gen-

erally produce much better results on the images with regular

and repetitive textures, such as “House” and “Barbara”. Spe-

cially, we note that the proposed SDCNN can not only exhib-

it promising performance on most images, but also achieve

comparable results to nonlocal self-similarity based methods

on the images with rich repetitive textures.

Then, we evaluate the denoising methods on two test

datasets, i.e., BSD68 [15], and Urban100 [20]. Table 2 lists

the PSNR and SSIM results. We note that the proposed SDC-

NN achieves the best results in both two datasets. In particu-

lar, for the dataset Urban100 with rich textures and structures,

SDCNN outperforms other competitive CNN-based methods

(i.e., DnCNN and FFDNet) by about 0.5dB.

Fig. 4 and Fig. 5 show the visual results of different meth-

ods. We note that our SDCNN can not only recover sharp

textures and fine details but also produce promising perceptu-

al quality in the smooth region.

5. CONCLUSION

Addressing the inferior performance of deep leaning based

denoising methods on images with rich textures, this pa-

per proposes a new denoising convolutional neural network,

named SDCNN. Block DCT is adopted to decompose images

into several subbands for incorporating frequency informa-

tion with spatial context so that the SDCNN can reconstruct

more image details. Moreover, block DCT works as an in-

vertible downsampling operator, which enlarges the receptive

field of network with better tradeoff between efficiency and

performance. Experimental results confirm that the proposed

SDCNN achieves competitive denoising performance, espe-

cially for images with rich amount of structures and textures,

in terms of both objective and subjective qualities.

In the future, we will investigate the SDCNN with other

transform size for better tradeoff between frequency proper-

ty and spatial context so that it can reconstruct higher quality

images with fine details. Moreover, our CNN architecture can



Table 2. Average PSNR(dB)/SSIM results of different methods for image denoising with noise levels σ = 15, 25 and 50 on

datasets BSD68 and Urban100. We highlight the best two results in red and blue respectively.

Dataset σ BM3D [5] WNNM [6] TNRD [19] DnCNN [11] FFDNet [14] SDCNN

BSD68

15 31.08/0.8721 31.35/0.8780 31.43/0.8824 31.68/0.8956 31.63/0.8952 31.81/0.8980

25 28.57/0.8016 28.82/0.8101 28.92/0.8156 29.24/0.8335 29.21/0.8347 29.34/0.8384

50 25.62/0.6868 25.86/0.6984 25.96/0.7023 26.23/0.7190 26.31/0.7273 26.41/0.7318

Urban100

15 32.35/0.9224 32.98/0.9276 31.97/0.9188 32.10/0.9273 32.51/0.9307 33.06/0.9354

25 29.71/0.8781 30.43/0.8893 29.22/0.8714 30.02/0.8848 30.04/0.8935 30.53/0.9011

50 25.95/0.7794 26.88/0.8058 25.59/0.7693 26.21/0.7830 26.65/0.8112 27.11/0.8261

(a) Noisy (15.26dB) (b) BM3D (25.01dB) (c) WNNM (25.39dB) (d) TNRD (24.99dB)

(e) DnCNN (25.60dB) (f) FFDNet (25.86dB) (g) SDCNN (26.10dB) (h) Ground Truth

Fig. 4. Denoising results of “Test011” (BSD68) with noise level 50.

be extended to other general restoration tasks such as deblur-

ring, super-resolution and compression artifact removal.
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