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ABSTRACT Single image denoising suffers from limited data collection within a noisy 

image. In this paper, we propose a novel image denoising scheme, which explores both 

internal and external correlations with the help of web images. For each noisy patch, we 

build internal and external data cubes by finding similar patches from the noisy and web 

images, respectively. We then propose reducing noise by a two-stage strategy using 

different filtering approaches. In the first stage, since the noisy patch may lead to 

inaccurate patch selection, we propose a graph based optimization method to improve patch 

matching accuracy in external denoising. The internal denoising is frequency truncation on 

internal cubes. By combining the internal and external denoising patches, we obtain a 

preliminary denoising result. In the second stage, we propose reducing noise by filtering of 

external and internal cubes, respectively, on transform domain. In this stage, the 

preliminary denoising result not only enhances the patch matching accuracy but also 

provides reliable estimates of filtering parameters. The final denoising image is obtained by 

fusing the external and internal filtering results. Experimental results show that our method 

constantly outperforms state-of-the-art denoising schemes in both subjective and objective 

quality measurements, e.g., it achieves >2 dB gain compared with BM3D at a wide range of 

noise levels. 

 Index Terms—Image denoising, external correlations, internal correlations, web images. 

INTRODUCTION  

IMAGE denoising is a well-known, ill-

posed problem in image processing and 

computer vision. Theoretically, it is hard 

to precisely recover an image from noise 

since it is a highly under-constrained 

problem. During the past few decades, 

many intelligent methods have been 

proposed to improve single-image based 

denoising performance. From pixel level 

filtering methods, such as Gaussian 

filtering, bilateral filtering and total 

variation regularization, to patch level 

filtering methods, such as non-local 

means [1], block-matching 3D filtering 

(BM3D) [2], and low-rank regularization 

[3], single-image based denoising 

performance has greatly improved, with 

image details well recovered when the 

image is slightly noisy. However, with the 
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increase of noise levels, the denoising 

performance is dropping seriously. The 

reason is that although patch based 

denoising methods try different methods 

to improve denoising performance, they 

share the same strategy: grouping similar 

patches together and then recovering 

their common structures. When the noise 

level is high, the patch matching accuracy 

will suffer from significant loss and this 

will result in smooth denoising result. 

Besides single-image based denoising 

methods, other promising denoising 

methods are learning based, such as fields 

of experts [4], maximizing expected patch 

log likelihood (EPLL) [5], and neural 

network training [6]. They restore the 

noisy image by integrating natural image 

priors into the under-constrained 

restoration problem. However the 

denoising performance is only comparable 

with state-of-theart single-image based 

denoising methods, such as BM3D. It is 

noteworthy that they utilize the same 

database for all kinds of noisy images, 

namely there’s no prior for the noisy 

image scene being used. If the noisy 

image doesn’t satisfy the assumed general 

priors, it will result in annoying artifacts. 

This raises a natural question: can we 

adaptively change the images in the 

dataset throughthe prior of a noisy image 

scene? In fact, there are many scenarios 

in which we can obtain correlated images 

as an external dataset. For example, 

landmark images, human faces, medical 

CT images, text images, and images 

captured by a multi-view camera system 

or multi-spectral cameras. In this paper, 

we demonstrate the feasibility of the 

proposed scheme using landmark and 

multi-view images. Before this paper, 

using correlated images has springed up 

in many computer vision and image 

processing problems, such as image 

colorization [7], image completion [8], 

[9], image compression [10], sketch to 

photo [11], [12], image super-resolution 

[13], [14], deblurring [15] and denoising 

[16]. However, it should be noted that 

[16] only explores the external 

correlations, without exploring internal 

correlations. Based on the above 

observations, we propose combined image 

denoising by exploring both internal and 

external correlations, which is an 

extension of our previous work [17]. 

Specifically, we propose a graph 

optimization method to improve patch 

matching accuracy and introduce a more 

effective filtering method compared with 

that of [17]. Compared with [16], our 

scheme could well take advantage of 

correlated images captured by different 

settings (focal length, view point, 

resolution). Furthermore, our scheme 

could well handle noisy patches that have 

no matched patches in the external 
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dataset. There are two key technical 

contributions in this paper. First, for each 

noisy patch, we design different external 

and internal filtering strategies to remove 

its noise. In the external denoising, we 

propose a graph based optimization 

method to improve patch matching 

accuracy between a noisy patch and clean 

patches in external correlated images. In 

the internal denoising, we perform 3D 

frequency domain filtering. These two 

denoising results are then combined in 

frequency domain to produce a 

preliminary denoising image. Second, we 

propose a two-stage based denoising 

strategy to fully take advantage of 

external and internal correlations. The 

denoising result at the first stage is used 

to improve image registration, patch 

matching and estimation of filtering 

parameters in the second stage. 

RELATED WORK  

In this section, we give an overview of the 

Gaussian noise removing methods in 

existing literature. Generally, it can be 

classified into single image based 

(exploring the correlations inside the noisy 

image itself, namely exploring internal 

correlations) and learning based (using 

priors learned fromnaturalimagesto help 

denoise,namelyexploringexternal 

correlations) methods. Recently, 

combining internal and external 

correlations for denoising has shown its 

superiority over exploring correlations 

separately [17]–[19]. In the following, we 

will briefly introduce the three main types 

of denoising methods. 

A. Single Image Based Denoising 

Single image based denoising methods 

aim to recover image details by exploring 

the correlations inside the noisy image 

itself. Earlier approaches focus on pixel-

level denoising methods, which only 

explore the correlations between a noisy 

pixel and its neighboring pixels, such as 

Gaussian filtering, bilateral filtering, 

anisotropy diffusion, or total-variation 

regularization. Hereafter, exploring the 

correlations between non-local patches 

has boosted denoising performance, such 

as non-local means [1], BM3D [2], low-

rank regularization [3], learned 

simultaneous sparse coding (LSSC) [20], 

and high order singular value 

decomposition[21]. These methods group 

similar patches in the noisy image and 

then recover their common structures by 

spacial domain averaging [1], transform 

domain filtering [2], [21], jointly sparsity 

constrain in the learned dictionary domain 

[20], or by using singular value 

decomposition [3], [21]. These methods 

work well for images containing repetitive 

patterns. However, these methods cannot 

well handle high noise levels since the 

patch structures are heavily polluted by 
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the noise. Therefore, the multi-scale 

strategy is introduced in denoising when 

the noise level is high [22]. Since the 

noise is uncorrelated across neighboring 

pixels, down-sampling will reduce the 

noise level and make image structures 

more visible. In addition to simple 

downsampling, there is also a multi-scale 

sparse representation based denoising 

algorithm [23]. Furthermore, M. Zontak et 

al. propose using patch recurrence across 

scales to recover the signal [24]. The 

above mentioned denoising methods tend 

to smooth texture regions. Therefore, a 

texture enhanced method by enforcing the 

gradient distribution of the denoised 

image to be close to the estimated 

gradient distribution is proposed in [25]. 

However it tends to produce much lower 

PSNR values compared with state-of-the-

art methods since the estimated gradient 

distribution may deviate from the ground 

truth. Unlike these methods, we propose 

using external correlated images to help 

improve the visual quality of texture 

regions, while improving objective 

qualities. 

B. Learning Based Denoising  

Learning based denoising methods which 

benefit from certain priors learned from 

noise free images (or the noisy image 

itself) have recently become quite 

numerous. KSVD-based training has 

extended from the noisy image itself to 

10000 natural images to learn the bases. 

Statistical models learned from a large 

scale of natural image patches have 

shown its feasibility in image denoising, 

such as high-order MRF models [4] and 

the finite Gaussian mixture model [5] 

(trained over 2 million natural image 

patches). In addition, the deep learning 

method has shown its power in image 

denoising. In [6], the relationship 

between a noisy patch and its noise free 

version has been studied by a plain multi-

layer perceptron deduced from a large 

training database (150000 images). All 

these works have demonstrated the 

effectiveness of using natural image priors 

to help remove noise. However, since they 

use general priors for all kinds of noisy 

images, without considering the content of 

the noisy image, they soon reach their 

performance limitation (comparable to 

BM3D) and tend to introduce artifacts if 

the noisy image doesn’t satisfy the 

assumed priors. Different from them, we 

propose adaptively changing the external 

dataset for each noisy image by using 

content based image retrieval 

technologies. 

C. Internal and External Combined 

Denoising  

The single image based (internal) and 

learning based (external) denoising 

methods have complementary strengths. 

Therefore, they can be combined to 
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improve denoising performance. I. Mosseri 

et al. propose classifying the patches into 

internal and external denoising according 

to patch’s signal-noise-ratio (SNR) [18]. 

Hereafter, H. C. Burger et al. propose a 

learning based approach, using a neural 

network to automatically combine 

denoising results from an internal andan 

externaldenoisingmethod[19].Our 

previouswork [17] presents a simple and 

effective frequency domain fusion method 

to combine the advantages of internal and 

external denoising results and achieves 

the best denoising result compared with 

stand-alone methods. 

Correlated Image Retrieval  

Previous learning based denoising 

methods ignore content priors in a noisy 

image, which limits improvement in 

denoising performance. Therefore, we 

adopt content-based image retrieval 

technology, specifically the scale invariant 

feature transform (SIFT) based method 

proposed in [26], to retrieve correlated 

images from a large-scale database, as 

our external dataset. Since a large scale 

SIFT feature may cover multiple small 

scale SIFT features, therefore L. Dai et al. 

propose bundling one large scale SIFT 

with many small scale SIFT features, 

namely using a visual group as one 

retrieval unit [26]. The visual group is 

much more robust than the quantized 

single SIFT feature because the relative 

positions of SIFT features are considered 

in matching. After matching all the visual 

groups extracted from the noisy image 

with those extracted from candidate 

images, we obtain a set of correlated 

images{Ir 1, Ir 2,...,Ir K}. For more 

details, please refer to [26]. Note that, to 

reduce the impact of noise in feature 

extraction, we discard some key-points 

with low contrast. 

COMBINED IMAGE DENOISING:THE 

FIRST STAGE  

The noisy image I is split into overlapped 

patches {P} ofsize m × m at the step size 

of μ. For each noisy patch P, we aim to 

recover its details with the assistance of 

similar external and internal patches. 

Since P is heavily polluted by noise, 

searching for its similar patches in the 

external image set and the noisy image 

itself are both tough problems. Therefore, 

we propose a graph-cut based patch 

matching strategy to improve external 

patch matching accuracy, and using the 

first stage result to improve the internal 

patch matching in the second stage. 

 

CONCLUSION  

We have proposed a novel image 

denoising scheme by exploring both 

internal and external correlations. Given 

one noisy image, we first retrieve its 

correlated image set from web images as 

assisted information, instead of using 
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general natural image priors. Then, in the 

first stage external denoising part, a 

graph-cut based patch matching strategy 

is utilized to improve patch matching 

accuracy. The internal denoising part is 

performed on similar noisy patches by 

filtering in the transform domain. After 

combining the internal and external 

denoising results in frequency domain, we 

obtain a basic denoising result, and its 

noise has been greatly attenuated. 

Therefore, it is utilized to improve the 

second stage denoising result in three 

ways: image registration, patch matching 

and providing an estimation of the Wiener 

filtering parameters. By combining the 

second stage external and internal 

denoising results, we obtain the final 

denoising result. Experimental results 

show that our scheme significantly 

outperforms five state-of-the-art schemes 

both objectively and subjectively at a wide 

range of noise levels. 
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