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Abstract—We consider patch matching as a recommendation
system problem and introduce a new patch matching approach
using nearest neighbor-based collaborative filtering (NN-CF). Our
approach involves recommending similar patches to a query
patch with the help of other similar patches in a noisy image
or an external database. Using user-oriented and item-oriented
formulations of NN-CF, we present two variations of CF-based
patch matching criterion. To demonstrate the superior matches
found from our method, we apply the new patch matching scheme
to patch-based image denoising and evaluate its effect on the
denoising performance. We test the methods on two datasets
with varying background and image complexities and under
different levels of noise. The proposed method not only improves
robustness to patch matching but also provides a new formulation
to seamlessly combine internal and external denoising.
Keywords—image denoising, enhancement, restoration, robust
patch matching, collaborative filtering, recommender systems

I. I NTRODUCTION
In patch-based image denoising [1], [2], [3], [4], [5], [6], [7],
[8], [9], [10], an image is partitioned into multiple overlapping
patches, and each patch is denoised by leveraging information
from patches that are similar to it. The similar patches that are
used to denoise the given noisy patch are called the reference
patches and the patch (or patches) used to retrieve the reference
patches is referred to as the query patch (the noisy image
patch). In this setting, the overall denoising performance is
significantly influenced by how similar the reference patches
are to the underlying clean patch – i.e. the patch from the
clean image corresponding to the patch being denoised, prior
to noise corruption. This makes the patch matching criteria a
critical component of any patch-based denoising algorithm.
The main difficulty of a denoising scenario is that the clean
image is not known a priori. Therefore, patch matching has
to be carried out using query patches from the noisy image or
an imperfect estimate of the clean image. This usually results
in the retrieval of a non-ideal set of reference patches, which,
in turn, leads to subpar denoising results. We illustrate this
problem by comparing the denoising performances obtained by
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conducting patch matching using query patches from the noisy
image versus its clean version. The results of this simple experiment are shown in Figure 1. This example shows the effect of
patch matching on denoising performance. In this example, we
attempt to denoise a text image corrupted by heavy Gaussian
noise (σ = 80/255) using the state-of-the-art patch-based
denoising algorithm called Targeted Image Denoising (TID)
algorithm [11], [12]. In the first case, reference patches are
found using query patches from the noisy image whereas in the
second case, patches from the underlying clean image are used
during patch matching. The rest of the denoising algorithm is
kept unchanged in both cases, and the corresponding denoising
results are shown in Figures 1(c) and 1(d), respectively. It can
be observed that the denoising performance achieved in the
second case is superior when compared to the first case.
In practical situations, the clean image is not known a
priori, and the second case shown in our toy example is
not plausible. We show the result of this ideal scenario for
demonstration purposes only. It points to an opportunity to
improve the performance of patch-based denoising algorithms
by improving the robustness of the patch matching step.
In this paper, we propose a new way to find better reference
patches based on k-nearest neighbor collaborative filtering
(kNN-CF), which enables robust patch matching. The novelty
of our work is twofold. First, we approach the problem of
finding similar patches as a collaborative filtering (recommendation system) problem in order to provide robustness to noise.
Second, we show how our method is an effective framework to
seamlessly combine information from patches internal to the
noisy image (internal denoising) and those from an external
database of clean patches (external denoising).
The paper is organized as follows: In Section II, we briefly
review popular patch-based denoising algorithms, including
the recently introduced Targeted Image Denoising (TID) [12]
algorithm, and provide a quick background on nearest neighbor
collaborative filtering, which is the basis of the proposed
method. We present the proposed patch matching scheme in
Section III. Our experimental results are detailed in Section
IV, followed by a discussion in Section V and conclusion in
Section VI.
II. BACKGROUND
A. Patch-based Denoising Algorithms
Patch-based image denoising can be broadly divided into
two classes – internal denoising and external denoising algorithms. In internal denoising, reference patches are found

Copyright c 2016 IEEE. Personal use of this material is permitted. However, permission to use this material for any other purposes must be obtained from the
IEEE by sending an email to pubs-permissions@ieee.org.

1051-8215 (c) 2016 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission. See http://www.ieee.org/publications_standards/publications/rights/index.html for more information.

This article has been accepted for publication in a future issue of this journal, but has not been fully edited. Content may change prior to final publication. Citation information: DOI 10.1109/TCSVT.2016.2610038, IEEE
Transactions on Circuits and Systems for Video Technology
2

(a) original image

(b) noisy image

(c) TID

(d) TID-ideal

Fig. 1. Sub-optimal patch matching leads to sub-optimal results: Original clean image (a) is corrupted with Gaussian noise (σ = 80/255). The noisy image
(b) is then denoised using the Targeted Image Denoising [12] algorithm with reference patches found from an external text database. Figures (c) and (d) show
the denoising results when the query patches are taken from the noisy image and the clean image, respectively. Please note that in practical situations, the clean
image is not known a priori.

from within the noisy image itself while in external denoising,
reference patches are obtained from an external database of
patches taken from clean natural images or other compact representations. Popular internal denoising algorithms include the
non-local means (NLM) algorithm [1], BM3D [3] and LPGPCA [6]. External denoising algorithms that obtain the reference patches from an external database include the externalNLM, external-BM3D, external-LPG-PCA, EPLL [13], and
dictionary-based denoising methods [7].
Both of these classes of denoising have their own strengths
and limitations. For example, internal denoising suffers from
the rare-patch effect, but this issue can be ameliorated in
external denoising by leveraging a large database of patches.
In contrast, external approaches are rather computationally
expensive. Research has also shown that under high noise
scenarios, approaches using internal patches are more powerful
than using external patches unless class-specific databases are
employed [14].
Recently, Luo et al. [11], [12] proposed targeted image
denoising utilizing a class-specific external database of clean
patches. This was motivated by the observation that a large
generic database may not necessarily contain enough useful
information to denoise the noisy image from a specific domain.
Hence, Luo et al. [11], [12] proposed selecting reference
patches from a targeted database that contains images relevant
to the noisy image. For domains such as text image denoising
and face image denoising, this work achieved superior denoising performance over using generic databases of clean natural
patches.
B. Targeted Database and Targeted Image Denoising
TID is an external denoising algorithm that utilizes a targeted database for denoising an image. A targeted database,
as mentioned earlier, contains patches that are relevant to the
noisy image of interest and is shown to be better than a generic
database [12]. In addition to providing more relevant reference
patches, using a class- or domain-specific database allows the
size of the database to remain smaller and leads to better
computational speeds during denoising.
Algorithm 1 provides an overview of the TID algorithm. The
reference patches are concatenated to form the data matrix P,

Algorithm 1 Targeted Image Denoising
INPUT: Query patch (q)
Database of clean patches (D)
Noise variance (σ 2 )
OUTPUT: Denoised patch (p̂)
1. Find n patches p1 , p2 , . . . pn from the database that are
similar to q
2. Form data matrix:
P = [p1 , p2 , . . . pn ]
3. Form weight matrix:
1
diag{w1 , w2 , . . . , wn }
α


2
ik
where wi = exp − kq−p
for some user-tunable
2
h
bandwidth parameter h, and α is a normalization parameter
so that the weights add up to 1.
4. Compute the eigen-decomposition:

[U, S] = eig PWPT
W=

5. Compute the shrinkage matrix:
−1
Λ = diag S + σ 2 I
diag(S)
6. Denoise q: p̂ = UΛUT q

which is then used to calculate a denoising filter by solving
a group sparsity minimization problem and using a localized
Bayesian prior. Please refer to [12] for a detailed explanation
and derivation. Note that the TID filter is strongly influenced
by the reference patches since they are used both in TID’s
transformation (U) and its shrinkage (Λ) operations.
C. BM3D and Its Collaborative Filtering
BM3D [3] is a transform-domain denoising procedure that
attenuates noise by enhancing group sparsity through collaboratively filtering patch groups. Patch groups are formed
by finding similar patches (reference patches) and stacking
them to produce three dimensional stacks. This 3D stack of
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Algorithm 2 BM3D
INPUT: Query patch (q)
Database of clean patches (D)
Noise variance (σ 2 )
OUTPUT: Denoised patch (p̂)
1. Find n patches p1 , p2 , . . . pn from the database that are
similar to q
2. Stack them together to form 3D matrix
3. Apply a 3D transform on the 3D patch stack (e.g. 3DDCT)
4. Perform coefficient shrinkage in the 3D transform domain
(e.g. thresholding/wiener filtering)
5. Apply inverse 3D transform to obtain p̂

similar patches (group) is filtered jointly to produce individual
denoised patch estimates of each member of the group. The
joint filtering, which involves 3D group linear transformation,
coefficient shrinkage, and 3D inverse transformation is called
collaborative filtering in the BM3D procedure. This is a
fundamentally different approach than the procedure termed
collaborative filtering in recommendation systems, which is the
basis for our approach. We provide a more detailed explanation
of recommendation system collaborative filtering technique in
Section II-G.

Algorithm 3 LPG-PCA
INPUT: Query patch (q)
Database of clean patches (D)
Noise variance (σ 2 )
OUTPUT: Denoised patch (p̂)
1. Find patches p1 , p2 , . . . pn from the database that are
similar to q
2. Apply PCA transform and perform shrinkage
3. Inverse PCA transform to obtain denoised patch p̂

algorithm [12]. The procedural outline for external-LPG-PCA
is shown in Algorithm 3. Like BM3D, this algorithm is also
applied twice with an updated noise variance estimated from
the first stage output.
Due to its reliance on principal component analysis, reference patches have a more direct impact on the denoising filter
than the BM3D scenario. The quality of the reference patches
affect the transformation matrix obtained during PCA, which
is applied to the pixel groups during denoising. However, the
patches do not have as much of an impact on the shrinkage
step as they have in the TID filter.

F. Patch Matching
D. External BM3D
External BM3D [11], [12] is a variation of BM3D where
the reference patches to produce 3D stacks are obtained from
an external database. BM3D is a two-stage procedure where
the algorithms used in both the stages are almost identical to
each other except for one step. The general outline of the core
algorithm constituting external BM3D is shown in Algorithm
2. The only difference between the first and second stages of
BM3D is in the coefficient shrinkage step (step 4 in Algorithm
2). In stage one, coefficient shrinkage is carried out via hard
thresholding, whereas in stage two, Wiener filtering is applied
to accomplish the same. The output of stage one is used as an
oracle for Wiener filtering in the second stage.
Unlike TID, the impact of reference patches has no effect
on determining the transformation or the shrinkage procedure.
That is, BM3D uses a predetermined transformation and
shrinkage procedure. However, the reference patches constituting the 3D stack of patches undergoing 3D transformation
do have an impact on the values of the transform domain
coefficients, hence, they play a role in overall denoising.
E. External LPG-PCA
LPG-PCA [6] was originally introduced as an internal
denoising algorithm that uses principal component analysis and
local pixel grouping to efficiently remove noise from a noisecorrupted image. In LPG-PCA, local pixel grouping is attained
by finding patches that are similar to the query patch via a
patch matching procedure within a local window of the noisy
image. By obtaining patches from an external database instead
of the given noisy image in its local pixel grouping stage, LPGPCA can be easily modified to become an external denoising

As observed, the first step of all of these patch-based
denoising algorithms is to find reference patches given a
query patch. In general, the reference patches are obtained by
selecting the nearest neighbors of a query patch q using the
Euclidean distance.
Given that the denoising filters are modeled using the
reference patches (in varying degrees), it is imperative that the
performance of these algorithms relies on the selection of good
reference patches. However, finding reference patches using a
noisy query patch leads to less than ideal matches, which in
turn degrades the denoising performance.
Hence, the proposed approach aims to add robustness to
the patch matching stage and retrieve a better set of reference
patches, even when the query patches are not clean. Instead
of solely trusting the matching patches retrieved using a noisy
query patch, we pose patch matching as a recommendation
system problem and incorporate suggestions from a set of
patches known to be similar to the query patch (selection of
this set of close neighbors is explained in detail in Section
III-B). By substituting the proposed CF-based patch matching
in place of the standard patch matching scheme (Step 1 in
Algorithms 1, 2, and 3), we will demonstrate that CF-based
methods provide better reference patches, leading to improved
denoising results.
We will demonstrate the effectiveness of our new CF-based
patch matching scheme by using it in conjunction with the
TID algorithm and external versions of BM3D and LPG-PCA.
We will also compare our results with conventional internal
denoising algorithms, such as BM3D and NLM, since they
are widely accepted benchmarks for patch-based denoising
algorithms.
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G. Neighborhood-based Collaborative Filtering
Here, we provide a brief review of neighborhood-based
collaborative filtering from which we derive the proposed
patch matching criterion. Collaborative filtering (CF) is a
popular recommender system approach that predicts a given
user’s preference by aggregating other users’ preferences [15],
[16], [17], [18], [19]. In particular, nearest neighbor-based
collaborative filtering (NN-CF) method predicts the unknown
rating of an active user a by combining the ratings from users
most similar to a. More formally, user a’s rating of an item
i, pai , is predicted using the ratings from user a’s nearest
neighbors as shown below:
X
pai = r̄a + α
w(a, u) (rui − r̄u )
(1)
u∈N (a)

where r̄a and r̄u are the mean ratings given by users a and
u respectively, rui is the rating given by user u to item i,
N (a) is the set of neighbors of user a, w(a, u) is the weight
given to user u by user a based on their similarity, and α
is a normalization
factor so that the weights sum to 1, i.e.
P
α = 1/ [ u w(a, u)].
In the above definition, the terms user and item are used in
the most general sense. For instance, in social media settings,
a user could be a member of a social media platform and
the items recommended could be other members who share
similar interests. Similarly, in a patch matching scenario, we
propose to use this approach to recommend reference patches
to a noisy query patch as detailed in the following section.
III. P ROPOSED M ETHOD
The matching criterion we propose is largely inspired
by the recommendation system algorithms, specifically the
neighborhood-based collaborative filtering. In order to use collaborative filtering for patch matching, we make the following
substitutions to the NN-CF formulation presented in Section
II-G:
• Active user → Query patch
• Other users → Other patches of the noisy image (internal
patches)
• Items → Clean patches in the external database (external
patches)
• Rating given by user u to item i → Distance between
patch u and patch i
In addition, we will substitute the set of users similar to the
active user [N (a) in Equation 1] with a set of patches that we
will refer to as the close neighbors of the query patch.
A. Patch Matching Criterion
Incorporating the substitutions detailed above, the matching
criterion for a query patch, q, to a patch in the database, j, is
given by
X
dˆqj = dqj + α
w(q, u) duj ,
(2)
u∈N (q)

where d∗j is the distance between patches ∗ and j, N (q) is
the set of close neighbors of q, w(q, u) is the weight based on

Algorithm 4 Patch Matching using Ext-CF
INPUT: Query patch (q)
Database of clean patches (D)
Number of reference patches (n)
Number of close neighbors (m << n)
OUTPUT: Set of reference patches ({p1 , ...pn })
1. Find the set of close neighbors N (q): The m nearest
neighbors of q from the external database using the default
distance measure (e.g. Euclidean)
2. Get the set of recommended patches from close neighbors
3. Obtain n patches from the set of recommendations that
are closest to q based on the modified distance measure
defined in Equation 2
Algorithm 5 Patch Matching using Int-CF
INPUT: Query patch (q)
Database of clean patches (D)
Number of reference patches (n)
Number of close neighbors (m << n)
Noisy image (I)
OUTPUT: Set of reference patches ({p1 , ...pn })
1. Find the set of close neighbors N (q): The m nearest
neighbors of q from the noisy image using the default
distance measure (e.g. Euclidean)
2. Get the set of recommended patches from close neighbors
3. Obtain n patches from the set of recommendations that
are closest to q based on the modified distance measure
defined in Equation 2
the closeness of patch q and patch u, and dˆqj is the corrected
dissimilarity measure that is used to compare patches q and j.
In the above equation, we have set the bias of the query patch
(similar to the r̄a in Equation 1) to be equal to the distance
between the query patch q and patch j, dqj . The bias term
for close neighbors is set to zero, leading to the following
criterion: for a patch to be selected as a reference patch, it not
only has to be similar to the query patch but also to the close
neighbors of the query patch. This added constraint gives more
control and robustness in the matching stage.
B. Finding the Set of Close Neighbors
We define close neighbors as the patches that share close
similarities (domain or content) with the query patch. Ideally,
these are the patches that we know are similar to the query
(e.g. sparse neighborhood graph). In most practical cases, this
prior knowledge may not be available. Hence, in this work, we
consider the following two ways of choosing the set of close
neighbors that are expected to be most similar to the query
patch:
1) From external database (Ext-CF): This approach is
illustrated in Figure 2(a) and outlined in Algorithm 4.
Given a noisy query patch, we use its nearest neighbors
from the external clean database as close neighbors.
This is the same as in the case of external denoising
approaches but differs in the number of neighbors
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(a) CF using external close neighbors

(b) CF using internal close neighbors

Fig. 2. Query patch is indicated with a red box. Its close neighbors are denoted by red arrows, and reference patches recommended by close neighbors are
shown in purple.

selected. For a regular patch-based external denoising
scenario, the number of reference patches chosen is an
order of magnitude higher than the the number of close
neighbors selected in our approach (i.e. < 10). Our assumption is that the set of immediate neighbors (say, 3
nearest neighbors) of the query patch is not significantly
altered by noise and will stay the same in both clean
and noisy situations. Based on the substitutions detailed
earlier in this section, this method can be thought of
as an example of item-oriented collaborative filtering
[19], i.e. making recommendations based on other items
known to be rated highly by the active user.
2) From noisy image (Int-CF): In this approach, as illustrated in Figure 2(b) and Algorithm 5, the close
neighbors of the query patch are selected from the noisy
image itself. Here, the closeness comes from the domain
similarity since the patches are all from the same
image, therefore sharing the same noise characteristics,
image scale, lighting, etc. When the close neighbors
are selected from the noisy image itself, the reference
patches from the external database are forced to be
close to both the query patch and other patches in
the noisy image that look similar to the query patch.
This allows for seamlessly combining the strengths of
both internal and external denoising. In terms of CF
analogy, this is similar to the user-oriented version of
neighborhood-based collaborative filtering [15] where
recommendations are made based on other users similar
to the active user.
C. Choice of Weights
In collaborative filtering, the ratings of the neighbors are
weighted according to their similarities to the active user.
Similarly, the term w(q, u) in equation 2 weighs the distance
between patch j and close neighbor u to control u’s contribution to the matching criterion. For this work, we have opted
for a simple weighting scheme where the weight w(q, u) is set
to 1 if and only if u is a close neighbor of q [18]. That is,

1
if u is a close neighbor of q
w(q, u) =
(3)
0
otherwise
Although we have used the 0-1 weighting scheme for simplicity, it is also possible to use other weighting schemes, such as

Pearson Correlation Coefficient, or to learn the weights from
the data itself [20].
IV.

E XPERIMENTAL R ESULTS

The denoising experiments are conducted on two scenarios:
text image denoising and face image denoising. As noted
earlier, we use external denoising algorithms, such as TID,
external-BM3D, and external-LPG-PCA, that use default patch
matching using only the query patch as our baselines and
evaluate the improvement that CF-based patch matching approaches provide. The baselines using the default patch matching is denoted as “Reg” in the results. For comparison, we also
provide the best-case denoising results of these approaches –
i.e. when the underlying clean patch is used for patch matching
(assuming the ground truth image is known). This is referred
to as “Ideal” in our results and uses the regular patch matching
as well. In addition to the external denoising methods, we also
compare our results to the internal denoising algorithms BM3D
and NLM. The internal denoising methods are indicated as
iBM3D and iNLM in our results summary.
The results obtained from using our proposed patch matching criteria are listed as “Ext-CF” and “Int-CF” in the result
tables, where “Ext” and “Int” represent the source from which
the close neighbors of the query patch were chosen. Specifically, “Int-CF” uses patches from the noisy image as its close
neighbors during the collaborative filtering step while “ExtCF” selects the close neighbors from the external database.
The TID algorithm can be used iteratively by using the
output of the previous iteration during the patch matching
stage. That is, patches from the denoised image obtained after
the first iteration of TID are used as the query patches in the
second iteration. In our results, the first and second iterations of
TID are denoted as “Stage 1” and “Stage 2,” respectively. The
same procedure is followed for external-BM3D and externalLPG-PCA. For brevity, we directly show the results obtained
at the end of the second stage of these algorithms.
Algorithm parameters: In all of our experiments, the size
of the patches used is set to 8 × 8; the number of reference
patches (n) is fixed at 40, and Euclidean metric is used to
measure patch-wise (dis)similarity. For the CF-based methods,
the number of close neighbors is set to 3. From the set of
patches suggested by the close neighbors (which includes
the close neighbors themselves and has no duplicates), the
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(a)

(b)

(c)

(d)

(e)

Fig. 3.
Sample images from text image dataset [12]. The denoising
experiments are conducted on noise corrupted versions of image 3(a). Five
different realizations of Gaussian noise are used for each noise variance.
The images 3(b)–3(e) are four examples out of nine clean text images that
constitute the external database.

dissimilarity measure given in Equation 2 is used to find the
final set of 40 nearest neighbors of the query patch. These
parameters can be easily tailored based on the noise level
and image categories. However, we have kept them constant
throughout all our experiments for ease of comparison.
We used the default parameters for iBM3D as suggested
in the implementation provided by its authors 1 . For iNLM
and Int-CF, internal reference patches are selected from local
search windows of size 101 × 101. The details of the targeted
external databases consisting of clean text and face patches
will be discussed in respective subsections below.
A. Text Denoising
In the first set of experiments, a text image is denoised using
an external database containing other similar but not identical
text images. The images in this case are simple binary images
with a clean white background and black text. The database
images are from completely unrelated sources and vary in font
styles and sizes. Some examples from the text image dataset
are shown in Figure 3. Tables I and II summarize the results
of the text denoising experiments. Table I shows that Ext-CF
and Int-CF patch matching schemes improve the performance
of both stages of the TID algorithm. Ext-CF leads to the best
PSNR values under high noise scenarios by leveraging the
external close neighbors, while Int-CF gives the highest SSIM
measures since it uses information internal to the given image
as well as information from the external database.
Table II indicates that Ext-CF patch matching improves
the denoising performance of external-LPG-PCA and externalBM3D. The other proposed approach, Int-CF, improves the
baseline version of LPG-PCA consistently as well.
In Figure 4, we display the denoised images from one
of the high noise settings for visual comparison. Visually
and objectively, the methods that use the proposed patch
matching schemes yield better denoising results compared to
their respective baseline methods.
B. Face Image Denoising
Face image denoising is an example of a setting where the
database images and the image to be denoised are not a perfect
match. In this setting, we denoise a face image with a database
of face images of other people. This setting also displays
variations in lighting, contrast, gender, etc. Some examples
1 http://www.cs.tut.fi/∼foi/GCF-BM3D/

demonstrating the diversity of the image dataset are shown
in Figure 5. For our experiments, we randomly picked five
images and added Gaussian noise. These noisy images were
then denoised using an external database consisting of ninety
face images from different individuals.
The denoising results obtained from this dataset are presented in Tables III and IV. In this experiment, since the
image to be denoised does not closely match the database
images, the Int-CF results are improved compared to other
methods, including those obtained from Ext-CF. This can be
attributed to the power of combining both internal and external
information while denoising an image. Since the external
database is different from the image to be denoised, it is
important to leverage as much information as possible from
the internal image to find the best matching patches. Figure
6 shows the denoising results of one of our test images. Our
patch matching schemes yield comparable visual quality to
the baseline algorithms while giving higher PSNR and SSIM
values.
V.

D ISCUSSION

Currently, patch-based denoising algorithms use standard
metrics for patch matching that are not robust to noise. In the
absence of a robust matching scheme, the patches retrieved
using the noise-corrupted query patch hinders the overall
denoising process. We have introduced a patch matching
scheme where a query patch takes suggestions from other
close neighbors. This collaborative approach to finding similar
patches lends a degree of robustness to noise that a single
pairwise distance fails to provide.
Our results indicate that using CF-based patch matching
schemes are effective in noisy scenarios. The most convincing
evidence is the improvement they provide in the first stage of
TID when using the noisy query patch for patch matching.
The performance boosts of LPG-PCA and BM3D under the
new patch matching schemes are lower than TID. This is due to
the difference in roles of the reference patches in the respective
denoising filters. In TID, reference patches contribute to both
the transformation and shrinkage filters. Whereas, in LPGPCA reference patches contribute to the transformation matrix,
and in BM3D, their effect is more indirect (via the transform
domain coefficients). The more dependent a denoising filter is
on the reference patches, the more pronounced is the effect of
patch matching on its performance.
Int-CF, the approach of consulting internal close neighbors
before conducting a patch matching on the external database,
provides a novel way to leverage both internal and external
patch information, thus, seamlessly combining the internal and
external denoising. It could be argued that, in contrast to IntCF, a straightforward way to combine internal and external
denoising is to directly combine patches from the noisy image
and the external database while designing denoising filters.
However, this strategy will not be successful. The algorithms
presented in this work, such as TID and LPG-PCA, design
their denoising filters in a data-adaptive manner. Therefore, any
noise in the set of reference patches can be detrimental to their
performance. Thus, using purely external patches is a much
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TABLE I.
MATCHING .

T EXT IMAGE RESULTS : AVERAGE PSNR ( IN DB) AND SSIM MEASURES OBTAINED FROM TID ALGORITHM USING CF- BASED PATCH
R ESULTS THAT ARE BETTER THAN THE RESPECTIVE BASELINES ARE SHOWN IN BOLD . I DEAL CASE RESULTS ARE NOT INCLUDED IN THE
COMPARISON .
TID: Stage One
Baseline
σ× 255

TID: Stage Two

Proposed

Baseline

With Gnd Truth

Proposed

Best case

iBM3D

iNLM

Reg

Ext-CF

Int-CF

Reg

Ext-CF

Int-CF

Ideal

PSNR:

20
30
40
50
60
70
80

28.09
24.83
22.37
20.60
19.32
18.36
17.60

24.24
21.15
19.26
18.08
17.29
16.64
16.01

31.71
30.60
28.55
26.56
24.78
23.16
21.74

31.51
30.68
28.95
27.24
25.62
24.04
22.43

31.73
30.72
28.84
26.98
25.29
23.76
22.33

32.13
31.27
29.58
27.97
26.56
25.25
23.98

31.75
31.02
29.68
28.29
26.96
25.72
24.29

32.09
31.29
29.71
28.14
26.78
25.46
24.18

32.26
31.58
30.19
28.95
27.99
27.28
26.73

SSIM:

20
30
40
50
60
70
80

0.9827
0.9622
0.9310
0.8838
0.8417
0.8015
0.7635

0.7777
0.6968
0.6411
0.5996
0.5643
0.5309
0.4980

0.9812
0.9626
0.9384
0.9087
0.8726
0.8288
0.7854

0.9806
0.9633
0.9409
0.9145
0.8852
0.8514
0.8097

0.9850
0.9707
0.9510
0.9259
0.8979
0.8623
0.8210

0.9934
0.9896
0.9825
0.9717
0.9575
0.9368
0.9110

0.9930
0.9897
0.9830
0.9733
0.9605
0.9422
0.9103

0.9940
0.9913
0.9859
0.9779
0.9680
0.9533
0.9315

0.9947
0.9934
0.9907
0.9878
0.9849
0.9823
0.9801

TABLE II.
T EXT IMAGE RESULTS : AVERAGE PSNR ( IN DB) AND SSIM MEASURES OBTAINED FROM EXTERNAL -BM3D AND EXTERNAL -LPG-PCA
USING CF- BASED PATCH MATCHING . R ESULTS THAT ARE BETTER THAN THE RESPECTIVE BASELINES ARE SHOWN IN BOLD . I DEAL CASE RESULTS ARE
NOT INCLUDED IN THE COMPARISON .
External-BM3D
Baseline
σ× 255

Proposed

External-LPG-PCA
Best case

Baseline

Proposed

Best case

iBM3D

iNLM

Reg

Ext-CF

Int-CF

Ideal

Reg

Ext-CF

Int-CF

Ideal

PSNR:

20
30
40
50
60
70
80

28.09
24.83
22.37
20.60
19.32
18.36
17.60

24.24
21.15
19.26
18.08
17.29
16.64
16.01

28.79
27.00
25.74
24.71
23.74
22.90
21.94

28.85
27.08
25.87
24.79
23.90
23.01
22.07

28.74
26.78
25.37
24.17
23.11
22.25
21.35

31.14
29.51
28.50
27.78
27.22
26.75
26.35

32.70
30.27
28.18
26.40
24.84
23.48
22.25

32.53
30.23
28.30
26.63
25.18
23.82
22.58

32.69
30.27
28.25
26.45
24.91
23.57
22.26

32.94
30.61
28.77
27.27
26.02
25.03
24.17

SSIM:

20
30
40
50
60
70
80

0.9827
0.9622
0.9310
0.8838
0.8417
0.8015
0.7635

0.7777
0.6968
0.6411
0.5996
0.5643
0.5309
0.4980

0.9563
0.9467
0.9384
0.9294
0.9175
0.9049
0.8841

0.9567
0.9476
0.9397
0.9297
0.9195
0.9036
0.8780

0.9572
0.9470
0.9379
0.9270
0.9149
0.9016
0.8846

0.9662
0.9588
0.9546
0.9520
0.9501
0.9486
0.9473

0.9689
0.9435
0.9153
0.8845
0.8538
0.8208
0.7903

0.9718
0.9473
0.9186
0.8923
0.8644
0.8319
0.8010

0.9703
0.9438
0.9178
0.8883
0.8555
0.8268
0.7956

0.9765
0.9553
0.9303
0.9083
0.8814
0.8570
0.8359

TABLE III.
MATCHING .

FEI FACE DATASET RESULTS : AVERAGE PSNR ( IN DB) AND SSIM MEASURES OBTAINED FROM TID ALGORITHM USING CF- BASED PATCH
R ESULTS THAT ARE BETTER THAN THE RESPECTIVE BASELINES ARE SHOWN IN BOLD . I DEAL CASE RESULTS ARE NOT INCLUDED IN THE
COMPARISON .
TID: Stage One
Baseline
σ× 255

TID: Stage Two

Proposed

Baseline

With Gnd Truth

Proposed

Best case

iBM3D

iNLM

Reg

Ext-CF

Int-CF

Reg

Ext-CF

Int-CF

Ideal

PSNR:

20
30
40
50
60
70
80

31.38
29.45
27.53
26.88
25.80
25.23
24.43

26.67
24.98
23.26
21.94
20.62
19.53
18.59

31.65
29.64
27.37
25.89
24.59
23.52
22.73

31.62
29.54
27.27
25.75
24.36
23.30
22.48

31.75
29.79
27.57
26.06
24.76
23.70
22.88

32.06
30.40
28.52
27.30
25.94
25.08
24.30

31.80
30.22
28.44
27.14
25.85
24.94
24.11

31.99
30.42
28.61
27.36
26.06
25.23
24.39

34.16
33.74
33.46
33.46
33.33
33.41
33.42

SSIM:

20
30
40
50
60
70
80

0.9028
0.8601
0.8118
0.7921
0.7599
0.7217
0.7123

0.7258
0.6305
0.5239
0.4464
0.3780
0.3177
0.2751

0.8976
0.8412
0.7622
0.6955
0.6470
0.5821
0.5555

0.9003
0.8440
0.7615
0.6941
0.6387
0.5750
0.5464

0.9028
0.8506
0.7719
0.7072
0.6582
0.5935
0.5666

0.9143
0.8772
0.8264
0.7818
0.7407
0.6852
0.6716

0.9099
0.8738
0.8261
0.7755
0.7386
0.6795
0.6639

0.9142
0.8796
0.8310
0.7889
0.7483
0.6964
0.6816

0.9495
0.9448
0.9433
0.9428
0.9431
0.9423
0.9428
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(a) Original

(b) Noisy (σ =

80
)
255

(e) eBM3D+baseline (21.80, 0.8812) (f) eBM3D+Ext-CF (22.21, 0.8752)

(c) iBM3D (17.52, 0.7571)

(d) iNLM (16.00, 0.4944)

(g) eBM3D+Int-CF (21.50, 0.8827)

(h) eBM3D+Ideal (26.40, 0.9466)

(i) eLPG-PCA+baseline
(22.17, 0.7944)

(j) eLPG-PCA+Ext-CF
(22.76, 0.8040)

(k) eLPG-PCA+Int-CF
(22.22, 0.7973)

(l) eLPG-PCA+Ideal (24.17, 0.8304)

(m) TID+baseline (23.92, 0.9119)

(n) TID+Ext-CF (24.38, 0.9135)

(o) TID+Int-CF (23.95, 0.9284)

(p) TID+Ideal (26.77, 0.9798)

Fig. 4. Visual and objective comparison of denoising performance of a text image. Patch matching criterion used is indicated after the ”+” sign. The objective
evaluation metrics of each case is shown in parenthesis in (PSNR, SSIM) format.

better solution than directly combining external and internal
patches. The addition of noisy patches in the external BM3D
will also degrade the quality of the denoising filter but to a
lesser degree. In short, the performance improvements obtained
by Int-CF patch matching over the default matching strategy
demonstrates its ability to successfully fuse information from
both internal and external patches.
Finally, Ext-CF can be leveraged to quickly narrow down
the search space in a large external database. By using an
appropriately indexed large database with all the pairwise
distances precalculated, Ext-CF allows us to focus on only

those patches in the database that are nearest neighbors of
the close neighbors. A thorough evaluation of the speed-up
versus performance obtained through this approach is one of
the directions of future research.
VI.

C ONCLUSION

In this paper, we present a novel patch matching criterion
taking inspiration from neighborhood-based collaborative filtering approaches. We demonstrate the effectiveness of the new
patch matching scheme by applying it to denoising images
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TABLE IV.
FEI FACE DATASET RESULTS : AVERAGE PSNR ( IN DB) AND SSIM MEASURES OBTAINED FROM EXTERNAL -BM3D AND
EXTERNAL -LPG-PCA USING CF- BASED PATCH MATCHING . R ESULTS THAT ARE BETTER THAN THE RESPECTIVE BASELINES ARE SHOWN IN BOLD . I DEAL
CASE RESULTS ARE NOT INCLUDED IN THE COMPARISON .
External-BM3D
Baseline
σ× 255

(a)

Proposed

External-LPG-PCA
Best case

Baseline

Proposed

Best case

iBM3D

iNLM

Reg

Ext-CF

Int-CF

Ideal

Reg

Ext-CF

Int-CF

Ideal

PSNR:

20
30
40
50
60
70
80

31.38
29.45
27.53
26.88
25.80
25.23
24.43

26.67
24.98
23.26
21.94
20.62
19.53
18.59

31.62
30.00
28.36
27.16
25.98
25.14
24.40

31.46
29.81
28.17
27.03
25.81
24.97
24.20

31.44
29.88
28.34
27.14
25.98
25.21
24.45

35.86
34.75
34.05
33.56
33.17
32.90
32.56

31.70
29.80
27.70
26.23
24.73
23.57
22.76

31.49
29.61
27.47
25.87
24.47
23.10
22.23

31.63
29.79
27.77
26.25
24.87
23.71
22.88

33.39
31.81
30.04
28.69
27.47
26.28
25.20

SSIM:

20
30
40
50
60
70
80

0.9028
0.8601
0.8118
0.7921
0.7599
0.7217
0.7123

0.7258
0.6305
0.5239
0.4464
0.3780
0.3177
0.2751

0.9060
0.8693
0.8241
0.7796
0.7479
0.6952
0.6811

0.9026
0.8655
0.8197
0.7734
0.7415
0.6852
0.6740

0.9025
0.8679
0.8250
0.7843
0.7531
0.7048
0.6916

0.9595
0.9497
0.9421
0.9365
0.9321
0.9272
0.9240

0.9006
0.8492
0.7813
0.7196
0.6651
0.5919
0.5605

0.8945
0.8441
0.7670
0.6973
0.6402
0.5709
0.5303

0.9003
0.8503
0.7836
0.7201
0.6691
0.5981
0.5709

0.9265
0.8898
0.8434
0.7994
0.7637
0.7077
0.6720

(b)

(c)

(d)

[8]

L. Shao, R. Yan, X. Li, and Y. Liu, “From heuristic optimization to
dictionary learning: A review and comprehensive comparison of image
denoising algorithms,” IEEE Transactions on Cybernetics, vol. 44, no. 7,
pp. 1001–1013, July 2014.

[9]

R. Yan, L. Shao, S. D. Cvetkovic, and J. Klijn, “Improved nonlocal
means based on pre-classification and invariant block matching,” Journal of Display Technology, vol. 8, no. 4, pp. 212–218, April 2012.

[10]

S. H. Chan, T. Zickler, and Y. M. Lu, “Monte Carlo non-local means:
random sampling for large-scale image filtering,” IEEE Transactions on
Image Processing, vol. 23, no. 8, pp. 3711–3725, August 2014.

[11]

E. Luo, S. H. Chan, and T. Q. Nguyen, “Image denoising by targeted
external databases,” in IEEE International Conference on Acoustics,
Speech and Signal Processing (ICASSP), May 2014, pp. 2450–2454.

[12]

——, “Adaptive image denoising by targeted databases,” IEEE Transactions on Image Processing, vol. 24, no. 7, pp. 2167–2181, July 2015.

[13]

D. Zoran and Y. Weiss, “From learning models of natural image patches
to whole image restoration,” in International Conference on Computer
Vision, November 2011, pp. 479–486.

[14]

M. Zontak and M. Irani, “Internal statistics of a single natural image,”
in Proceedings of the IEEE Computer Society Conference on Computer
Vision and Pattern Recognition, 2011, pp. 977–984.

[15]

J. L. Herlocker, J. A. Konstan, A. Borchers, and J. Riedl, “An algorithmic framework for performing collaborative filtering,” in Proceedings
of the 22nd Annual International ACM SIGIR Conference on Research
and Development in Information Retrieval - SIGIR ’99, August 1999,
pp. 230–237.

[16]

G. Adomavicius and A. Tuzhilin, “Toward the next generation of
recommender systems: A survey of the state-of-the-art and possible
extensions,” IEEE Transactions on Knowledge and Data Engineering,
vol. 17, no. 6, pp. 734–749, June 2005.

[17]

X. Su and T. M. Khoshgoftaar, “A survey of collaborative filtering
techniques,” Advances in Artificial Intelligence, vol. 2009, pp. 1–19,
January 2009.

[18]

K. Goldberg, T. Roeder, D. Gupta, and C. Perkins, “Eigentaste: A
constant time collaborative filtering algorithm,” Information Retrieval,
vol. 4, no. 2, pp. 133–151, July 2001.

[19]

B. Sarwar, G. Karypis, J. Konstan, and J. Reidl, “Item-based collaborative filtering recommendation algorithms,” in Proceedings of the Tenth
International Conference on World Wide Web - WWW ’01, April 2001,
pp. 285–295.

[20]

R. M. Bell and Y. Koren, “Scalable collaborative filtering with jointly
derived neighborhood interpolation weights,” in Seventh IEEE Interna-

(e)

Fig. 5. Sample images from FEI face image dataset [21]. The image 5(a)
is one of five test images used in our experiments. The rest of the images,
5(b)–5(e), are four examples out of ninety clean images that constitute the
clean external database. All face images in our experiments have a size of
90 × 65.

from two different categories displaying different levels of ease
and complexity. Our experiments show that the collaborative
filtering-based patch matching improves the performance of
state-of-the-art patch-based denoising algorithms by picking
better reference patches.
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(a) Original

(b) Noisy (σ =

40
)
255

(c) iBM3D
(27.79, 0.8130)

(d) iNLM (23.22, 0.5194)

(e) eBM3D+baseline
(29.37, 0.8477)

(f) eBM3D+Ext-CF
(29.17, 0.8422)

(g) eBM3D+Int-CF
(29.44, 0.8451)

(h) eBM3D+Ideal
(35.41, 0.9496)

(i) eLPG-PCA+baseline
(28.57, 0.8117)

(j) eLPG-PCA+Ext-CF
(28.38, 0.7992)

(k) eLPG-PCA+Int-CF
(28.77, 0.8251)

(l) eLPG-PCA+Ideal
(31.25, 0.8741)

(m) TID+baseline
(29.49, 0.8526)

(n) TID+Ext-CF
(29.46, 0.8539)

(o) TID+Int-CF
(29.68, 0.8579)

(p) TID+Ideal
(35.10, 0.9541)

Fig. 6. Visual and objective comparison of denoising performance of a face image. Patch matching criterion used is indicated after the ”+” sign. The objective
evaluation metrics of each case is shown in parenthesis in (PSNR, SSIM) format.
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