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Abstract— Image up-sampling in the discrete cosine transform
(DCT) domain is a challenging problem because DCT coefficients
are de-correlated, such that it is nontrivial to estimate directly
high-frequency DCT coefficients from observed low-frequency
DCT coefficients. In the literature, DCT-based up-sampling
algorithms usually pad zeros as high-frequency DCT coefficients
or estimate such coefficients with limited success mainly due
to the nonadaptive estimator and restricted information from
a single observed image. In this paper, we tackle the problem
of estimating high-frequency DCT coefficients in the spatial
domain by proposing a learning-based scheme using an adap-
tive k-nearest neighbor weighted minimum mean squares error
(MMSE) estimation framework. Our proposed scheme makes use
of the information from precomputed dictionaries to formulate
an adaptive linear MMSE estimator for each DCT block. The
scheme is able to estimate high-frequency DCT coefficients
with very successful results. Experimental results show that the
proposed up-sampling scheme produces the minimal ringing and
blocking effects, and significantly better results compared with
the state-of-the-art algorithms in terms of peak signal-to-noise
ratio (more than 1 dB), structural similarity, and subjective
quality measurements.

Index Terms— Interpolation, scalable video coding, super-
resolution (SR), up-sampling.

I. INTRODUCTION

IMAGE and video interpolation, up-sampling and super-
resolution (SR) recently attract much attention in the com-

munity due to their wide applications, including conventional
video coding [1]–[4], scalable video coding [5]–[9], error
concealment [10], video zooming, surveillance, multiview
synthesis [11], and so on. For example, 4k resolution dis-
plays will become widely available in the consumer market,
such that videos in the current standard- and high-definition
formats are required for displaying on the 4k resolution
displays. In recent years, many interpolation, up-sampling and
SR algorithms were proposed in the literature. Most of the
available algorithms perform the up-sampling process in the
spatial domain [12]–[19]. Recent developments show that up-
sampling an image in the wavelet domain [20], [21] and the
discrete cosine transform (DCT) domain [22]–[36] can provide
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better performance and lower complexity compared with those
in conventional spatial up-sampling methods.

Since images/videos are often coded using the block-
based DCT (e.g., H.264/AVC), it is computationally attrac-
tive to resize images directly in the block DCT domain.
The most common way of down-sampling is to truncate
directly the high-frequency DCT coefficients in all transformed
DCT blocks [22]–[43]. Such simple process can simultane-
ously perform the anti-aliasing filtering and down-sampling.
Surprisingly, a few analyses show that down-sampling in the
DCT domain results in high anti-aliasing performance (narrow
transition band near the Nyquist frequency) and preserves
the most important energy due to the sophisticated energy
compaction performance of DCT [8], [23], [24]. Due to
these advantages, there is a large amount of image/video
contents which have been obtained by this down-sampling
process in the DCT domain. Hence, there is a large demand
for algorithms to restore the high-resolution image from the
low-resolution (LR) image that was formed in this process
[6], [22]–[36].

To avoid heavy computation, the previous development
gives focus mainly on low complexity algorithms to up-sample
images in the DCT domain [22]–[31]. The most conventional
way is to tackle the problem by padding zeros as the
high-frequency DCT coefficients [22]–[30]. However, the
zero padding approaches introduce some ringing and blocking
artifacts. Hence, some research works try to improve the
zero padding approaches by: 1) sub-band approximation
and low-pass truncation [31]; 2) using a larger DCT block
size [23], [25], [28], [30]; 3) reducing the ringing artifacts
generally [32], [33]; 4) reducing the blocking artifacts
by overlapping [6]; and 5) estimating the high-frequency
DCT coefficients directly [34]–[36]. Unfortunately, the
improvements are often limited in terms of peak signal-
to-noise ratio (PSNR) values, i.e., usually much less than
1 dB on average, and are limited to parts of the images with
improvement only on vertical and horizontal edges [32], and
the training data have to be relevant to the testing data [34].

There are several reasons why the previous algorithms
cannot provide significant improvements to the zero padding
approach. First, methods that aim at reducing the ringing
and blocking artifacts solely reduce the visible artifacts but
do not enhance the sharpness of the up-sampled image by
compensating the loss of all high-frequency components due
to zero padding [6], [31]–[33]. In fact, the source of ringing
artifacts and blocking artifacts [6], [31]–[33] comes from
inaccurate estimation of the high-frequency DCT coefficients.
However, due to the de-correlation property of DCT, a direct
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estimation of high-frequency DCT coefficients in the DCT
domain is nontrivial unless the training data are highly relevant
to the testing data [34]. Instead, natural images are much
correlated in the spatial domain, such that better results were
achieved by estimating high-frequency DCT coefficients in the
spatial domain [35], [36]. However, the fixed Wiener filter
coefficients for half-pixel interpolation in H.264 coding are
not trained specially for estimating DCT coefficients [35],
which leads to [36] on training a specific Wiener filter for this
purpose. The major drawback of these methods on directly
estimating the high-frequency DCT coefficients [34]–[36] is
that they used one fixed estimator for all DCT blocks in the
image and only made use of limited local information from
the observed LR image.

If we can accurately estimate high-frequency DCT coeffi-
cients, not only the ringing and blocking artifacts can be min-
imized, but the fidelity of the up-sampled image can also be
improved and the reconstructed image approaches the ground
truth image. In this paper, we propose a novel up-sampling
scheme to estimate high-frequency DCT coefficients. The idea
is to formulate an adaptive estimator for each DCT block in
the up-sampled image by making use of some precomputed
dictionaries. Our scheme comprises three major components,
which represent three contributions. The first contribution is
the proposed learning-based algorithm based on the adaptive
k-nearest neighbor (k-NN) weighted minimum mean squares
error (MMSE) framework [12], which is specifically designed
to up-sample the images that were down-sampled in the DCT
domain. This proposed learning-based algorithm makes use
of the first k-NN MMSE estimation to obtain accurately high-
frequency DCT coefficients. The second contribution is the
proposed iterative back-projection [44], [45] which refines the
low-frequency DCT coefficients of any initially estimated HR
image to match with that of the observed LR image. The
third contribution is the proposed iterative refinement step for
de-blurring and de-blocking by applying the DCT down-
sampling image model as the blurring kernel in the unsharp
mask [58], [59]. Thus, our scheme is able to estimate
high-frequency DCT coefficients with very successful results
and address the major weaknesses of previous up-sampling
methods [6], [22]–[36].

Due to an accurate estimation of high-frequency DCT
coefficients, results of our experimental work show that
the proposed up-sampling scheme produces minimal
ringing and blocking effects. Objective measurements also
show that the proposed up-sampling scheme produces
significantly better results compared with the zero padding
approach [24] and other state-of-the-art up-sampling
algorithms [6], [35], in terms of PSNR (more than 1 dB)
and structural similarity (SSIM) for a wide range of natural
images and videos. Both up-sampling factors of two and four
were used.

The rest of the organization of this paper is as follows.
Section II gives a literature review of the related works.
Section III gives the problem formulation, including the image
model in the spatial domain that represents the down-sampling
process in the DCT domain, to formulate the iterative back-
projection (IBP) for refinement of the later process. Section IV

gives a detailed description of the proposed up-sampling
scheme, including the proposed learning-based adaptive k-NN
MMSE algorithm and the iterative refinement process for
de-blurring and de-blocking. Section V gives the results of our
comprehensive experimental work, and Section VI concludes
our work and gives a discussion on possible future directions.

II. LITERATURE REVIEW

In the literature, the DCT-based up-sampling algorithms can
be categorized into two classes. The first class is based on
zero padding [22]–[30]. The concept of zero padding is to
up-sample a block of low-frequency DCT coefficients by
padding zeros as the high-frequency DCT coefficients. This
concept was first implemented in [22] to increase the resolu-
tion for motion compensation. Subsequently, [24] generalizes
the concept of zero padding with a sophisticated formulation
which merges four DCT down-sampled image blocks in the
spatial domain and then groups them together as a block in the
DCT domain. Park and Park [23] further analyze the perfor-
mance of this type of resizing filter in the DCT domain. Based
on this type of filter design, resizing algorithms with arbitrary
resizing factors were proposed [26]–[30]. The basic idea is
to down-sample and up-sample for different factors to achieve
arbitrary (rational) resizing factors. Based on the resizing algo-
rithms [26]–[30], a computationally scalable algorithm was
proposed by controlling the number of input and output coef-
ficients [25]. A related work on the zero padding is the sub-
band approximation and low-pass truncation approach [31].
This method weights the low-frequency DCT coefficients and
concatenates the neighboring DCT blocks with zero padding.

The second class of the DCT-based up-sampling algorithm
aims to tackle the weakness of the zero padding approach. The
major objective is to reduce the ringing and blocking artifacts
of the zero padding approach [6], [32]–[36]. To remove
blocking artifacts, the most intuitive way is to overlap the
estimated DCT blocks to reduce the blocking artifacts [6]. To
minimize the ringing artifacts, [32] proposes a hybrid scheme
using a column and row representation of DCT blocks for
reducing the ringing artifacts of horizontal and vertical edges.
Lim and Park [33] compared several de-ringing methods and
proposed a mask map for extracting the ringing areas for
de-ringing. Other improvements of the zero padding approach
can be obtained by directly estimating high-frequency
DCT coefficients instead of padding zeros [34]–[36].
Cho and Lee [34] analyze the feasibility of directly estimating
high-frequency DCT coefficients from low-frequency DCT
coefficients by training one linear minimal mean squares error
estimator. Their experimental results showed that, since one
trained estimator is used for all image blocks in the image,
the training data had to be highly relevant to the testing
(validating) data, to provide a better result compared with
that of the zero padding approach. Recently, [35] and [36]
investigated methods making use of DCT with the spatial inter-
polation methods, which mainly make use of a fixed coefficient
Wiener filter to estimate high-frequency DCT coefficients.
However, the fixed coefficient Wiener filter is not adaptive,
such that all image blocks use the same filter regardless of



2020 IEEE TRANSACTIONS ON CIRCUITS AND SYSTEMS FOR VIDEO TECHNOLOGY, VOL. 24, NO. 12, DECEMBER 2014

the image contents. This means that the Wiener filter just uses
limited local information from a single observed LR image for
estimating the DCT coefficients.

Other DCT-related up-sampling methods include the face
hallucination method which aims at reconstructing 17 lowest
frequency DCT coefficients (out of 64 coefficients) instead of
using all high-frequency DCT coefficients [37]. An example-
based method was also proposed [38], which searches for
a suitable HR patch by making use of low-frequency DCT
coefficients. However, this method requires a relevant HR
image as the reference for searching. Ni and Nguyen [13]
give a SR method, which applies the support vector machine
in the DCT domain to estimate the HR image. However, this
method does not aim at reconstructing the high-frequency
DCT coefficients [13]. Some SR methods were also proposed
[39], [40], which aim at reconstructing a HR image, but the
image quality is degraded for the DCT quantization errors.

III. PROBLEM FORMULATION

A. Image Model of Down-Sampling in the DCT Domain

In this section, we will formulate an image model in the
spatial domain that represents the down-sampling process in
the DCT domain, such that we can conveniently make use
of the IBP [44], [45] in the following section. Without loss
of generality, let the down-sampling factor be dyadic. Since
the problem of high-frequency DCT coefficients estimation
should better be done in the spatial domain [35], [36], we
will solve the problem in the spatial domain throughout this
paper. In the spatial domain, let us denote the original HR
image to be down-sampled as Y ∈ �2n×2m , where n and m
are the dimensions of the down-sampled LR image. Since the
down-sampling process is block-based, let us partition the HR
image into blocks of size [2q × 2q] and index the block as
Yi ∈ �2q×2q , where i is the block index. In this paper, let us
use yi ∈ �4q2

to represent the vector form of block Yi for a
simpler and clearer representation in later stages. The block-
based down-sampling process in the DCT domain [22]–[43]
can be generalized by the following image model:

xi = FT
DCT(q)

DFDCT(2q)yi (1)

where FDCT(2q) ∈ �4q2×4q2
is the 2-D forward transform

matrix (which transforms the HR block into the DCT domain),
D ∈ �q2×4q2

is the down-sampling matrix that down-samples
the transformed block from [4q2 ×1] to [q2 ×1] by truncating
the high-frequency DCT coefficients and scaling the low-
frequency DCT coefficients, FT

DCT(q)
∈ �q2×q2

is the 2-D
inverse transform matrix (which inverse-transforms the down-
sampled block to the spatial domain), and xi ∈ �q2

is the LR
block. Note that the 2-D forward transform matrix FDCT(2q)

can be written as the Kronecker product of two 1-D forward
transform DCT matrices [10], [60]

FDCT(2q) = F1DCT(2q) ⊗ F1DCT(2q) (2)

where F1DCT(2q) ∈ �2q×2q is the 1-D forward DCT matrix
for an 1-D signal of length 2q , and the Kronecker product is

Fig. 1. Graphical illustration of the dyadic down-sampling process in the
block DCT domain [22]–[43].

Fig. 2. Graphical illustration of the IBP process in (5).

defined as [60]

A ⊗
[

a b
c d

]
=

[
Aa Ab
Ac Ad

]
. (3)

Similarly, FDCT(q) ∈ �q×q can be derived accordingly. Note
that FT

DCT(2q)
FDCT(2q) = I and FT

DCT(q)
FDCT(q) = I, where I is the

identity matrix. A graphical illustration of the down-sampling
process is shown in Fig. 1 in detail.

B. Formulating the IBP Framework

In this section, we will make use of the image model in (1)
to formulate a version of the IBP [44], [45], which iteratively
refines the estimate of HR image to fit the image model. Let us
consider the block-based model due to the block-based down-
sampling process. By making use of the image model in (1),
the IBP means to find iteratively an estimate of the HR block,
which minimizes the squared L2 norm between the simulated
LR block and the observed LR block, as follows:

ŷi = arg min
yi

∥∥xi − FT
DCT(q)

DFDCT(2q)yi
∥∥2

2. (4)

This IBP finds a solution through the iterative process

yn+1
i = yn

i + λFT
DCT(2q)

DT FDCT(q)

(
xi − FT

DCT(q)
DFDCT(2q)y

n
i

)
i.e., yn+1

i = yn
i + λFT

DCT(2q)
DT (

FDCT(q)xi − DFDCT(2q)y
n
i

)
(5)

where n is the iteration index and λ is the step size. Since
the squared L2 norm in (4) only defines the error between the
low-frequency DCT coefficients, during the IBP in (5) only the
low-frequency DCT coefficients of the estimated HR block,
DFDCT(2q)y

n
i , are compared and matched with that of the LR

block, FDCT(q)xi . The difference, FDCT(q)xi − DFDCT(2q)y
n
i , is

projected onto the HR space and then added with the current
estimate, yn

i , to form yn+1
i , as shown in Fig. 2. The high-

frequency DCT coefficients of the initial estimate of HR block,
y0

i , are unchanged during the iterative back-projection. In other
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words, the initialization, y0
i , defines the high-frequency DCT

coefficients of the converged solution that can minimize the
squared L2 norm in (4).

Different up-sampling algorithms in [6], [22]–[36] use dif-
ferent methods to estimate high-frequency DCT coefficients,
such that these algorithms can be represented by our suggested
IBP framework in (5), with different ways to set the initial
values for high-frequency DCT coefficients. Let us illustrate
three representative examples as follows.

1) Zero Padding Approach [22]–[24]: The zero padding
approach pads zero as the high-frequency DCT coefficients.
Hence, it is equivalent to initializing the HR block with a
zero vector, i.e., y0

i = 0. Let step size λ be 4 (due to the
two 0.5 multipliers, during the IBP in Fig. 2). One iteration is
sufficient to refine the low-frequency DCT coefficients; hence,
the equivalent IBP representation of the zero padding approach
becomes

yzero
i = y0

i + 4 · λFT
DCT(2q)

DT (
FDCT(q)xi − DFDCT(2q)y

0
i

)
yzero

i = 4 · FT
DCT(2q)

DT FDCT(q)xi (6)

where yzero
i is the HR block obtained by the zero padding

approach. Specifically, zero coefficients are inserted as the
high-frequency DCT coefficients in the DCT domain. The
DCT coefficients are then converted into the spatial domain
as, FT

DCT(2q)
DT FDCT(q)xi , which are scaled up by 4.

2) Zero Padding Approach With Overlapping [6]: The zero
padding approach with overlapping [6] further overlaps the
estimated HR block, to reduce the blocking artifacts. For
example, there are totally 16 2 × 2 sub-blocks in an 8 × 8
HR block depending on their locations in the HR block.
To implement the overlapping approach, let us shift the
observed LR image by [0, 1, 2, 3] pixels in both x- and
y-direction and denote the shifted LR blocks in these
16 shifted LR images as xi(m), where m represents the shift
index. We can apply the zero padding approach in (6) to
obtain the shifted HR blocks from the shifted LR blocks. The
averages of the overlapped sub-blocks (within the shifted HR
blocks) are then taken to obtain the final result, yover

i,s , as

yover
i,s = 1

M

∑
m=[1,M]

Sm4 · FT
DCT(2q)

DT FDCT(q)xi(m) (7)

where M is the number of overlaps, Sm is the operator to
extract the corresponding sub-blocks and yover

i,s is the result
of averaging sub-blocks. For the sake of implementation, we
obtain the result of each 2 × 2 sub-block yover

i,s in the final
HR block yover

i through averaging in (7). Overlapping the
estimated HR blocks results in nonzero high-frequency DCT
coefficients in the final HR block yover

i , which can improve
the PSNR by around 0.1–0.2 dB on average, due to the
de-blocking effects.

3) Hybrid DCT-Wiener Interpolation Scheme: The hybrid
DCT-Wiener interpolation scheme [35] estimates high-
frequency DCT coefficients using a Wiener filter with fixed
coefficients [46], which is originally proposed as a half-pixel
interpolation filter for H.264/AVC. Let us denote yWF

i as the
HR block estimated by the fixed coefficient Wiener filter.

Fig. 3. Up-sampled results of different algorithms. (a) Zero padding
[22]–[24]. (b) Overlapping zero padding [6]. (c) Bicubic interpolation.
(d) Hybrid DCT-Wiener scheme [35]. (e) Proposed up-sampling scheme.
(f) Original high-resolution image. Please read the electronic version for a
clearer view.

Hence, the equivalent IBP representation of this scheme is
to refine the initialized yWF

i , as

yWF(IBP)
i = yWF

i +4 · FT
DCT(2q)

DT (
FDCT(q)xi −DFDCT(2q)y

WF
i

)
(8)

where the result of the hybrid DCT-Wiener interpolation
scheme is represented by yWF(IBP)

i . During the iteration using
(8), the low-frequency DCT coefficients of the initially esti-
mated HR block, DFDCT(2q)y

WF
i , is refined to match with that of

the observed LR block, while keeping the high-frequency DCT
coefficients unchanged. The hybrid DCT-Wiener interpolation
scheme combines the low-frequency DCT coefficients of the
observed LR block with the high-frequency DCT coefficients
obtained by the fixed coefficient Wiener filter.

IV. PROPOSED UP-SAMPLING SCHEME USING

k-NN MMSE ESTIMATION

As we have explained in Section I, the available
up-sampling algorithms do not estimate high-frequency DCT
coefficients very well. For example, the zero padding approach
over-simplifies the model and assumes that most of the impor-
tant energy concentrates in low-frequency DCT coefficients.
In reality, the edge and texture areas suffer much from padding
zeros to form high-frequency DCT coefficients, as shown in
Fig. 3. The overlapping zero padding approach reduces the
blocking artifacts; however, the ringing artifacts exist. The
Hybrid DCT-Wiener scheme does not estimate high-frequency
DCT coefficients well by the nonadaptive Wiener filter. Hence,
there is much room for improvements by making use of
a better up-sampling scheme.

In this paper, we propose a novel up-sampling scheme,
which can produce the minimal ringing and blocking artifacts,
as shown in Fig. 3(e). The key to estimate high-frequency
DCT coefficients is to formulate an adaptive estimator for
each DCT block by making use of extra information from
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Fig. 4. Flow diagram of the proposed up-sampling scheme (nearly all
processes are in the spatial domain).

Fig. 5. Mismatch of the interpolated 8 × 8 HR pixels and the original
8 × 8 HR pixels due to half-pixel shifts.

some precomputed training sets. The learning-based interpo-
lation technique fits our need because the learning process
can accommodate various image details including edges and
texture areas [12]–[15] according to the training data. Since
the estimation of high-frequency DCT coefficients in the DCT
domain is nontrivial [34], we will propose a learning-based
algorithm that performs the estimation in the spatial domain.

Fig. 4 shows a flow diagram of the proposed scheme.
Initially, the proposed learning-based algorithm estimates
the HR image [Fig. 4(a)]. It is convenient to refine the
low-frequency parts by the proposed iterative back-projection
framework in Section III-B [Fig. 4(b)] because the low-
frequency DCT coefficients are given in the observed LR
image. To follow the step after the low-frequency refinement,
we propose an iterative refinement process for de-blurring and
de-blocking until it reaches the maximum number of iterations
[Fig. 4(c)]. Let us explain these three major components of our
scheme in the following sections.

A. Learning-Based k-NN MMSE Algorithm for the
Initialization of High-Frequency DCT Coefficients

The advantage of the learning-based interpolation algorithm
is its adaptation to the input and output training data, such
that the observed LR image can learn from the training data
for better up-sampling. Particularly, there involves different
pixels shifts and specific blurring effects (due to the trunca-
tion of high-frequency DCT coefficients) for images down-
sampled in the DCT domain. For example, if we apply the
conventional interpolation algorithms [17], [18] (using dyadic
up-sampling factors) to an image down-sampled in the DCT
domain, the interpolated HR image has a half-pixel shift
with the original HR image, as shown in Fig. 5. The pixel
shift problem can apparently be resolved by the interpolation
algorithms designed for arbitrary factor up-sampling; however,
the specific blurring effects still cannot be addressed.

Our approach involves a learning-based interpolation algo-
rithm for estimating the high-frequency DCT coefficients,

Fig. 6. Training blocks: HR block (blue), larger LR block (orange) and
LR block (green).

which is based on designing a new framework of the adap-
tive k-NN weighted MMSE estimation [12]. Particularly,
we empirically optimize the dictionary size and incorporate
a spatial relationship constraint for a better stability and com-
patibility of the estimated data. There are two major steps in
our proposed learning-based algorithm, namely the dictionary
training step and the estimation step. In the dictionary training
step, we build a dictionary that comprises HR and LR training
pairs from the HR training images and their LR images
(down-sampled in the DCT domain). In the estimation step,
relevant image pairs are searched within the dictionary using
the adaptive k-NN criterion [47]. The k-nearest image pairs
are grouped to perform the weighted MMSE estimation [51],
to obtain the filter weights to be used to estimate the HR block
from the observed LR block.

1) Offline Dictionary Training Process: Let us denoteY′ ∈
�2n×2m as the high-resolution training image and X′ ∈ �n×m

as the LR training image down-sampled using the image model
in (1), where n and m are the dimensions of the image. Let
us also partition the HR training image into nonoverlapping
blocks [2q × 2q], and locate the corresponding nonover-
lapping blocks [q × q] in the down-sampled LR image, as
shown in Fig. 6. Note that the same block size, [q × q], was
used in the down-sampling process as well. The HR training
block is the original block covering high- and low-frequency
DCT coefficients, whereas the LR training block is the down-
sampled block covering the low-frequency DCT coefficients
only. All the blocks in the proposed learning-based algorithm
are processed in the spatial domain. We can then vectorize
the HR and LR training blocks and denote the HR training
blocks as y′

i ∈ �4q2
and the LR training blocks as x′

i ∈ �q2
.

Our trained dictionaries are represented by matrices, which are
grouped from vectors of the HR and LR training blocks, as

Bx′ = ⌊
x′

1 x′
2 ..... x′

Q

⌋
(9)

By′ = ⌊
y′

1 y′
2 ..... y′

Q

⌋
(10)

where Bx′ ∈ �q2×Q is the LR training dictionary, By′ ∈
�4q2×Q is the HR training dictionary and Q is the total number
of blocks (vectors).

During the online searching process, if we directly use the
observed LR block to search for the relevant LR training
blocks in the precomputed dictionary in a block-by-block
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Algorithm 1 Dictionary Training Process of the Proposed
k-NN MMSE Algorithm

Input: HR training image Y′
Output: Dictionaries B′

y,B′
x, B′

u (as defined below)

1) Initialization

(a) Down-sample the HR training image Y′ using
image model in (1) into LR training image
denoted as X′.

(b) Partition the HR training image into nonover-
lapping blocks [2q × 2q] ({y′

i}).
(c) Partition the LR training image into the corre-

sponding nonoverlapping blocks [q × q] ({x′
i}).

(d) Partition the LR training image into the corre-
sponding overlapping blocks [(q +2)× (q +2)]
({u′

i }).
2) Build the dictionaries

(a) Vectorize the image blocks in 1(b)–(d), denoted
as y′

i , x′
i , u′

i , where i represents the block
index.

(b) Group the vectors into matrixes as in (9)–(11),
denoted as By′ ,Bx′ , Bu′ .

(c) Iterate i for all vector u′
i in dictionary Bu′ ,

(i) Compute the average absolute gradient of
the vector u′

i .
(ii) If the gradient is less than 0.75, delete the

corresponding vectors y′
i , x′

i , u′
i in dictio-

naries By′ ,Bx′ , Bu′ .

manner, the searching process (to be explained in the following
section) becomes block independent, i.e., the neighborhood of
LR blocks is ignored. In the literature, a larger block size is
often used to cover the neighborhood to search for the relevant
LR blocks [15]. To do so, we construct a larger LR block
denoted as u′

i ∈ �(q+2)2
by including one more line of pixels

around the LR training block x′
i . The dictionary that includes

the larger LR blocks is given by

Bu′ = ⌊
u′

1 u′
2 ..... u′

Q

⌋
(11)

where Bu′ ∈ �(q+2)2×Q is the dictionary for searching the
k-NNs in the estimation step. Since the smooth area may not
benefit from the weighted MMSE estimation, we compute the
average absolute gradient of the larger LR block to exclude
the training blocks, which belongs to the smooth area in the
dictionaries described in (9)–(11), to save computation. Let
us summarize the dictionary training process described in this
section in Algorithm 1.

2) Adaptive k-NN Weighted MMSE Estimation Process:
Let us assume that the required dictionaries have been pre-
computed. During the online estimation, the k-NNs (vectors
of LR and HR training blocks) are searched within the
dictionaries to perform the weighted linear MMSE estimation,
to estimate the HR block of full frequency spectrum from the
observed input LR block with low-frequency spectrum. Given
an observed LR image X ∈ �n×m , which is a down-sampled

Fig. 7. Block diagram of the estimation process of the proposed k-NN
MMSE algorithm (before overlapping).

version of the unobserved HR image Y ∈ �2n×2m using the
image model in (1), we partition the observed LR image into
nonoverlapping LR blocks [q × q] and overlapping larger LR
blocks [(q +2)×(q +2)], as in the dictionary training process.
Let us also vectorize and denote the LR block as xi ∈ �q2

and the larger LR block as ui ∈ �(q+2)2
.

As an example, Fig. 7 shows the searching and estimation
processes for the observed LR block, xi . The searching process
is done by the computation of the normalized correlation
coefficient (NCC) [49], [50] between the observed larger LR
block ui and all the larger LR training blocks u′

i in the
dictionary Bu′ . All the training blocks in dictionary Bu′ are
then sorted in descending order in terms of the computed
normalized correlation coefficients, such that

Corr(ui , u′
j ) ≥ Corr(ui , u′

j+1) for ∀ j (12)

where Corr(.,.) computes the NCC. Hence, the larger LR
training blocks u′

i are sorted into u′
j , where the values of

j ∈ [1, Q] represent the index of the sorted training blocks
from the highest NCC to the lowest NCC. After sorting, the
training vector u′

1 is the most similar vector to the observed
vector ui . The sorted training blocks which have the largest
k NCC are chosen using the following adaptive criterion:

k̂ = arg min
k

|k| subject to
∑

j=[1,k]
Corr(ui , u′

j ) ≥ T1 (13)

where T1 is the threshold to be determined empirically. Results
of our experiments found that using the NCC to search for
the k-NNs gives a slightly better result than those using
the Euclidean distance. It is because the MMSE estimation
estimates the linear coefficients using second-order statistics,
whereas the first-order criterion (such as Euclidean distance)
to search for relevant blocks is less accurate. Instead, the
second-order criterion (such as NCC) allows us to find relevant
blocks with similar intensity variations of the input data, which
matches the need for MMSE estimation. Note that the value
of Corr(.,.) is bounded to [0, 1]. Hence, for example, if we set
threshold T1 to 1000, the minimal value of k is 1000 and an
upper bound, T3, of k should be set accordingly.

Fig. 7 shows the flow of the estimation process of the
proposed algorithm. The training vectors x′

i and y′
i are sorted

into x′
j and y′

j by copying the sorted index of the training
vector u′

j . Hence, after sorting, we assume that the training
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vector x′
1 is the most similar vector to the observed vector xi ,

and the training vector y′
1 is the most similar vector to the

unobserved vector yi (which is the desirable output). We can
then group the k-NNs from the sorted LR and HR training
blocks into matrixes, as

Tx′ = ⌊
x′

1 x′
2 ..... x′

k

⌋
(14)

Ty′ = ⌊
y′

1 y′
2 ..... y′

k

⌋
(15)

where x′
j and y′

j have been sorted in a descending order in
terms of the computed NCC between the larger LR block,
ui , and the larger LR training block, u′

j , i.e., Corr(ui , u′
j ),

and k was found using (13). Note that the dimensions of Tx′
and Ty′ are [q2 × k] and [4q2 × k], respectively. Then, the
weighted MMSE estimation [51] is performed to obtain the
adaptive linear filter coefficients, as

Ĥi = arg min
Hi

(Hi Tx′ − Ty′)W(Hi Tx′ − Ty′)T (16)

and its closed-form solution is given by

∂(HiTx′ − Ty′)W(Hi Tx′ − Ty′)T

∂Hi
= 0

2(Hi Tx′ − Ty′)WTT
x′ = 0

Hi Tx′WTT
x′ = Ty′WTT

x′

Ĥi = Ty′WTT
x′
(
Tx′WTT

x′
)−1

(17)

where Hi ∈ �4q2×q2
contains the linear filters coefficients,

and W∈ �k×k is the weighting matrix that weights the
contribution of each pair of LR and HR nearest training
neighbors. Let us define the weighting function using the
exponential form, which has been considered useful in many
situations [12], [16], [17], as

W j = exp(Corr(ui , u′
j ) · f ) (18)

where W j represents the diagonal element of the weighting
matrix W and contains the weight of each nearest neighboring
training pairs, x′

j and y′
j , and f is a parameter to be

determined empirically. The weighting function in (18) gives
a higher weight to the training pair, which has a larger
correlation with the observed larger LR block ui . Since the
smooth area does not much benefit from the k-NN weighted
MMSE estimation (17), it is unnecessary to apply the k-NN
MMSE algorithm (12)–(18) to the smooth area. Hence, we
precomputed a set of filter coefficients using the complete
dictionaries Bx′ and By′ , as

Ĥuni = By′BT
x′
(
Bx′BT

x′
)−1 (19)

where Ĥuni ∈ �4q2×q2
represents the universal filter coeffi-

cients for the smooth area. Before carrying out the searching
process in (12), if the variance of the LR block xi is smaller
than a threshold T2, we then skip all the steps in (12)–(18) and
directly use the universal filter coefficients Ĥuni from (19) to
perform the estimation in (20). Finally, the filter coefficients
obtained from the k-NN weighted MMSE estimation in (17) or

the universal filter in (19) are used together with the observed
LR block xi to estimate the HR block in (20)

ŷi = Ĥi xi . (20)

3) Overlapping as the Spatial Relationship Constraint:
In the literature, the learning-based interpolation algorithms

[12]–[15] always incorporate a spatial relationship constraint
to make the found k-nearest image pairs to be coherent in the
neighborhood of image blocks {xi}. For example, the belief
propagation was adopted in the example-based SR [15] to
constrain the overlapped parts of the estimated HR blocks to
be coherent. Later on, the single-pass Markov random field
was proposed in the k-NN MMSE algorithm to increase the
weights of similar k-nearest image pairs within a neighbor-
hood [12].

Different from conventional block sizes for SR [12]–[15],
the estimated HR block of the proposed algorithm has a large
size of [8 × 8] when the input LR block size is [4 × 4].
One intuitive way to accommodate the spatial relationship
constraint is to overlap the large size HR blocks, such that
similar k-nearest image pairs are inevitably reused within a
large neighborhood of overlapping blocks. The implementation
details are the same as those in Section III-B. We artificially
shift the observed LR blocks by integer pixels, and denote
them as xi(m). We can then apply the proposed k-NN MMSE
algorithm (12)–(20) to obtain the estimated HR blocks, ŷi(m).
All 2×2 sub-blocks of the estimated 8×8 shifted HR blocks,
ŷi(m), which overlap, are averaged to improve the robustness
and accuracy, as

yMMSE
i,s = 1

M

∑
m=[1,M]

Sm ŷi(m) (21)

where m represents the index of overlaps (or shifts), M is the
number of overlaps (or shifts) and Sm is the operator to extract
the overlapping sub-blocks from shifted HR blocks ŷi(m)’s that
contribute to the final HR block yMMSE

i . If the size of the
output HR block size is [8 × 8], the number of overlaps for
each 2 × 2 sub-block in the final HR block yMMSE

i is 16.
4) Comparison With the Adaptive Wiener Filters: Note that

some adaptive Wiener filters were proposed in the literature
for video coding [52]–[57]. These filters are optimal in the
sense of minimizing the mean squares errors, which resembles
the proposed learning-based algorithm. However, these filters
were proposed for video coding applications, such that they
require the original reference HR image to compute the filter
coefficients or filter parameters. In this paper, our learning-
based algorithm computes the filter weights using the trained
dictionary, such that the application of our algorithm can be
used not only for interpolation but also for video coding.
Another difference is that the proposed learning-based algo-
rithm uses [4 × 4] and [8 × 8] block sizes for input and
output to match with the block sizes of DCT during the down-
sampling process, while the block sizes of input and output
of the available adaptive Wiener filters are usually [6 ×6] and
[4 × 4] for quarter pixel interpolation.
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B. Iterative De-Blurring and De-Blocking Process

As we have explained in previous sections, the proposed
adaptive k-NN MMSE algorithm (21) can estimate the HR
block, yMMSE

i , with both low-frequency and high-frequency
coefficients. To refine the low-frequency DCT coefficients,
we can make use of the proposed iterative back-projection
framework in Section III-B to update the low-frequency parts

y0
i = yMMSE

i + 4 · FT
DCT(2q)

DT (
FDCT(q)xi − DFDCT(2q)y

MMSE
i

)
(22)

where y0
i is the HR block updated by the iterative back-

projection framework in (22). The refined solution in (22)
retains the high-frequency DCT coefficients and refines the
low-frequency DCT coefficients of the estimated HR block,
yMMSE

i , to match with those in the observed LR block.
With an analysis of the refined image in our experimental

work, it shows that the refined solution in (22) is slightly
blurry due to the overlapping process in the weighted MMSE
algorithm in (21), and slightly blocky due to the block-based
refinement in (22). In this paper, we propose a de-blurring and
de-blocking process based on the idea of the unsharp mask
[58], [59] to de-blur the results of the refined solution (22), as

yl+1
i = yl

i − α · FT
DCT(2q)

DT (
FDCT(q)xi − DFDCT(2q)y

l
i

)
(23)

where l is the iteration index (which starts from 0) and α is
the parameter that controls the strength of de-blurring. During
the iterative de-blurring step in (23), gradients of the squared
errors between the observed LR image and the simulated LR
image, −FT

DCT(2q)
DT FDCT(q) (xi − FT

DCT(q)
DFDCT(2q)y

l
i ), are added

to the estimate of the HR image, such that high-frequency
components are amplified naturally using the DCT down-
sampling image model in (1). The original idea in the unsharp
mask is to estimate the gradients using the difference between
the original image and the Gaussian blurred image. In the
proposed iterative de-blurring step in (23), we make use of
the DCT down-sampling image model in (1) to approximate
the gradients and take care of the resolution differences of the
estimated HR image and the observed LR image in (23).

To address the blocking artifacts, we adopt the overlapping
approach described in Sections III-B and IV-A. Recall that the
shifted LR blocks are denoted as xi(m), where m represents
the index of the shifts. Let us locate the corresponding shifted
HR blocks in the current iteration which is denoted as yl

i(m).
We can then average the overlapping sub-blocks of the shifted
HR blocks to smooth out the transitions of high-frequency
components between the image blocks, such that the blocking
effect may be moreover alleviated. Hence, we replace (23) by
(24) as

yl+1
i,s = 1

M

∑
m=[1,M]

Sm

[
yl

i(m) − α · FT
DCT(2q)

DT
(
FDCT(q)xi(m)

− DFDCT(2q)y
l
i(m)

)
.

]
.

(24)

This approach performs simultaneously de-blurring and de-
blocking and always produces a better result, compared with
the de-blurring solution in (23), according to our experiments.
All sub-blocks yl+1

i,s of the final HR block yl+1
i are obtained

Algorithm 2 Algorithm Flow of the Proposed Up-Sampling
Scheme (Fig. 4)

Input: LR image X, dictionaries Bx′ , By′ ,Bu′
Output: Estimated HR image

1) Initialization using learning-based adaptive k-NN
MMSE estimation

(a) Partition the LR image into the nonoverlapping
(shifted) LR blocks [q × q].

(b) Partition the LR image into the corresponding
overlapping larger LR blocks [(q +2)×(q +2)].

(c) Vectorize the image blocks in 1(a)–(b), denoted
as xi(m), ui(m).

(d) Iterate i(m) for all (shifted) LR blocks in the
LR image,

(i) If the variance of the LR block xi(m) is less
than T2 = 25, (1) Use the universal filter
coefficients in (19) to perform the MMSE
estimation in (20).

(ii) Otherwise,

(1) Use the larger LR block ui(m) to search
for k-NN training blocks from the dic-
tionary Bu′ in (12) and (13)

(2) Use the k indexes found in (13) to group
the k-NN training pairs into Tx′ and Ty′
in (14) and (15)

(3) Compute k weights of training pairs in
(18) to perform the weighted MMSE
estimation in (16)–(20)

(e) Average the overlapping sub-blocks of all esti-
mated HR blocks in (21) accordingly to obtain
the initial HR image

2) Iterative refinement process

(a) Refine the initial HR image from 1(e) by the
IBP in (22).

(b) Iterate on l until the maximum number of iter-
ation, L, is reached,

(i) Perform simultaneous de-blurring and de-
blocking in (24).

(ii) Perform IBP refinement in (25)

using (24). The overlapping solution in (24) is similar to
that in (7) and (21) as described in the previous sections,
except that we moreover have the shifted HR blocks yl

i(m) in
the current iteration as the input. Note that the simultaneous
de-blurring and de-blocking step in (24) not only amplifies
the high-frequency components, but also modifies the low-
frequency DCT coefficients (due to overlapping). Hence, only
one iteration is required for the iteration of the IBP to refine
the low-frequency DCT coefficients [making the solution fit
the image model in (1)], as

yl+2
i = yl+1

i + 4 · FT
DCT(2k)D

T (
FDCT(q)xi − DFDCT(2k)y

l+1
i

)
.

(25)

Since the de-blurring and de-blocking step in (24) and the
iterative back-projection refinement step in (25) are depen-
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Fig. 8. Twenty four training images (768 × 512) used in our experiments.

Fig. 9. Twelve natural images (512 × 512) used in our experiments.

Fig. 10. Eight CIF (352×288) and two 720p (1280 × 720) video sequences
used in our experiments.

dent processes, we can alternatively apply these steps (24),
(25) until the maximum number of iterations, L, is reached
(Fig. 4). In the following section, we will show details of
experimental results for this iterative refinement process, as
given in (24) and (25).

Let us summarize the proposed iterative up-sampling
scheme in Algorithm 2 with details.

V. EXPERIMENTAL RESULTS

Much experimental work has been done on an Intel i7
950 system. Twenty four natural images [768 × 512] from
Kodak were used as HR training images, as shown in Fig. 8.
Twelve natural images (not included the training images)
and 10 natural videos sequences were used to analyze and
verify the performance of the proposed up-sampling scheme,
as shown in Figs. 9 and 10. All the testing images and
video sequences were down-sampled using the image model
in (1) (except the comparisons of different down- and up-
sampling methods in Section V-C), such that the PSNR and
M-SSIM of the up-sampled images and video frames can be
measured. The DCT block size of the HR block was chosen
to be [8 × 8], which is the most commonly used block size in
the literature.

A. Analysis of the Proposed Learning-Based k-NN MMSE
Algorithm in Section IV-A

Let us analyze the settings of the proposed learning-based
k-NN MMSE algorithm in this section. During the dictionary
training, we made use of image gradients [step 2(c) (ii) in
Algorithm 1] to control the dictionary size. As shown in
Table I and Fig. 11, the PSNR and M-SSIM values are

TABLE I

PSNR (dB) AND M-SSIM [48] OF THE RECONSTRUCTED Lena IMAGE

USING DIFFERENT DICTIONARY SIZES IN OUR PROPOSED

k-NN MMSE ALGORITHM

Fig. 11. Plots of PSNR (dB) and M-SSIM [48] against the dictionary sizes
(1 cluster).

Fig. 12. Portions (128×128) (top row) and (256×256) (bottom row) of the
reconstructed Lena image using (a) 10563, (b) 50629, (c) 118061, (d) 177663,
and (e) 228669 training pairs in our learning-based k-NN MMSE algorithm
(Section IV-A).

saturated when the dictionary size is beyond 200 000 train-
ing pairs. These results confirm that further increasing the
dictionary size by including more image blocks, which
belong to the smooth area gives very marginal improve-
ments. To reduce the searching time, the k-means clustering
approach was applied to divide the dictionary into several
sub-parts. The computation times for the online estimation
of the k-NN MMSE algorithm and the overall up-sampling
scheme (implemented using nonoptimized MATLAB code) are
provided in Table I. Fig. 12 shows portions of the reconstructed
image using different dictionary sizes. When the dictionary
merely contains 10 563 training pairs, which are mostly edges
(due to large gradients), the quality of the edge reconstruction
is still satisfactory. According to the experimental results in
Table I, we chose to set the threshold of image gradient to
0.75 and the corresponding dictionary size to 228 869 (training
pairs) without partitioning the dictionary into clusters in the
following experiments.

Let us make an analysis on the overlapping step in (21).
Overlapping the estimated HR blocks means to implicitly
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TABLE II

PSNR (dB) AND M-SSIM [48] OF THE SEVERAL NATURAL

IMAGES USING (A) NONOVERLAPPING IN (20) AND

(B) OVERLAPPING IN (21) STEPS

Fig. 13. Portions (128 × 128) of the reconstructed natural images using
(a) nonoverlapping (20) and (b) overlapping (21) steps in our k-NN MMSE
algorithm.

implement the spatial relationship constrain by reusing similar
k-nearest image pairs in the overlapped neighborhood. For a
fair comparison, we did not overlap the shifted HR blocks
but took the centermost 2 × 2 pixels as the nonoverlapping
approach in (20). Table II shows that the overlapping step
in (21) significantly improves the accuracy in terms of PSNR
(around 0.88 dB improvement) and M-SSIM. Fig. 13 shows
the visual comparison. There are some obvious noises around
the edges of the reconstructed images in Fig. 13(a), which are
mainly due to block-independent estimation in the nonover-
lapping approach.

1) Summary of Settings of the Proposed Learning-Based
k-NN MMSE Algorithm: Let us summarize the settings of the
proposed learning-based k-NN MMSE algorithm in Table III
when the block size of the original HR block is [8 × 8].
Specifically, the block sizes of our training data should match
with the block sizes for down-sampling in the DCT domain,
for consistency. A set of 228 869 training pairs from 24 Kodak
images are sufficient to provide a state-of-the-art performance.
In our algorithm, we have used the NCC as the criterion to
search for the k-NNs and a weighting function based on the
computed NCC to weight the k-NNs. Finally, we incorporated
the spatial relationship constraint by overlapping the estimated
HR blocks in a relatively large neighborhood. For further
comparison, we also have included the settings of the k-NN
MMSE algorithm [12], which was proposed to up-sample an
image that was down-sampled by the bicubic interpolation,
in Table III.

2) Summary of Settings of the Proposed Overall
Up-Sampling Scheme: Table IV shows the values of
the parameters used for the proposed up-sampling scheme.
These parameters were fixed throughout all experiments. As

TABLE III

SETTINGS OF THE PROPOSED ADAPTIVE k-NN MMSE ALGORITHM

FOR IMAGES DOWN-SAMPLED IN THE DCT DOMAIN

TABLE IV

PARAMETER SETTINGS OF THE PROPOSED OVERALL

UP-SAMPLING SCHEME

shown in Algorithm 2 and Fig. 4, the proposed scheme has
three major steps. Table V and Fig. 14 show the PSNR (dB)
and M-SSIM [48] improvements of the reconstructed images
during every major step of the proposed up-sampling
scheme to achieve two times up-sampling. For the first
step [Fig. 14(a)], the HR image is initialized using the
proposed k-NN MMSE algorithm, which contributes to
the initialization of high-frequency DCT components using
external information. The second step [Fig. 14(b)] is to
refine the low-frequency DCT coefficients of the initial
HR image making use of the IBP refinement in (22).
This contributes to the consistency of low-frequency DCT
components of the observed LR image and the estimated
HR image. For the last step [Fig. 14(c)–(h)], the iterative
refinement process (de-blurring and de-blocking) in (24)
and (25) refines progressively the high-frequency DCT
coefficients, which contributes to de-blocking the image
due to the block-based IBP refinement in the second step
and de-blurring the image due to the overlapping step
in the de-blocking process. The empirical analysis suggests
that the proposed iterative refinement process converges at
around the fifth-sixth iterations, which gives the best PSNR
and M-SSIM values on average. Hence, the maximum number
of iterations is set to 6 in Table IV.
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TABLE V

PSNR (dB) AND M-SSIM OF THE PROPOSED UP-SAMPLING SCHEME

FOR TWO TIMES UP-SAMPLING. (A) INITIALIZATION. (B) IBP

REFINEMENT (22). (C)–(F) ITERATIVE REFINEMENT PROCESS

(24), (25): (C) FIRST ITERATION. (D) THIRD ITERATION.

(E) FIFTH ITERATION. (F) SIXTH ITERATION

Fig. 14. Average PSNR (dB) and M-SSIM of the proposed up-sampling
scheme for two times up-sampling. (a) Initialization. (b) IBP refinement (22).
(c)–(h) Iterative refinement process (24), (25).

Fig. 15. Portions (96 × 96) of the reconstructed Foreman sequence
during intermediate steps of the proposed scheme. (a) Initialization. (b) IBP
refinement. (c) 1st iteration. (d) 2nd iteration. (e) 3rd iteration. (f) 4th iteration.
(g) 5th iteration. (h) 6th iteration.

Furthermore, subjective evaluations are shown in Fig. 15.
Fig. 15(a) shows the initialization using the k-NN
algorithm. This is followed by the IBP refinement in
Fig. 15(b). The sharpness of the reconstructed image
improves gradually from Fig. 15(a)–(h) during the iterative
de-blurring and de-blocking process. Stronger de-blurring
performance can be easily achieved by increasing the strength

TABLE VI

PROCESSING TIME (SECONDS) FOR TWO TIMES UP-SAMPLING.

(A) ZERO PADDING [24]. (B) OVERLAPPING [6]. (C) BICUBIC

INTERPOLATION. (D) WIENER FILTER [46]. (E) HYBRID

SCHEME [35]. (F) PROPOSED SCHEME

TABLE VII

PSNR (dB) AND M-SSIM [48] FOR TWO TIMES UP-SAMPLING.

(A) ZERO PADDING [24]. (B) OVERLAPPING [6]. (C) BICUBIC

INTERPOLATION. (D) WIENER FILTER [46]. (E) HYBRID

SCHEME [35]. (F) PROPOSED SCHEME

parameter, α. However, the fidelity of the reconstructed image
deteriorates at the expense of a better visual pleasant.

B. Comparison With State-of-the-Art Up-Sampling Algorithms
for DCT Down-Sampling

In the following sections, we will give a comprehensive
comparison among: 1) three state-of-the-art and representative
up-sampling algorithms for images down-sampled in the DCT
domain as described in Section III-B; 2) arbitrary factor
interpolation algorithm (bicubic interpolation) that addresses
the pixel shift due to DCT down-sampling; and 3) the dyadic
factor interpolation algorithm (fixed coefficients Wiener filter
[46]). Moreover, we also include a comparison with state-of-
the-art interpolation (robust soft-decision interpolation) [17]
and SR (adaptive sparse domain selection) [14] algorithms,
to provide a better insight of the performance differences of
various down- and up-sampling methods.

Table VI shows the processing time of the proposed scheme
and other comparing methods. Tables VII and VIII summa-
rize the PSNR and M-SSIM of reconstructed images and
video sequences using our scheme and several state-of-the-
art up-sampling algorithms [6], [24], [35]. For the video
sequences, the YUV components were down-sampled inde-
pendently using the image model in (1). Only the PSNR and
M-SSIM of the Y components are compared, since the human
visual system is more sensitive to Y components. The UV
components were up-sampled using the bicubic interpolation
(with pixel shifts). Fig. 16 shows the PSNR-Y and M-SSIM-Y
plotting of several video sequences. As shown in Tables VII
and VIII, the proposed scheme has more than 1 dB PSNR
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TABLE VIII

PSNR (dB) AND M-SSIM [48] FOR TWO TIMES UP-SAMPLING.

(A) ZERO PADDING [24]. (B) OVERLAPPING [6]. (C) BICUBIC

INTERPOLATION. (D) WIENER FILTER [46]. (E) HYBRID

SCHEME [35]. (F) PROPOSED SCHEME

Fig. 16. PSNR-Y (dB) and M-SSIM-Y of reconstructed video sequences
(Akiyo, Foreman, and BigShips) using (a) zero padding [24], (b) overlapping
[6], (c) bicubic interpolation, (d) Wiener filter [46], (e) hybrid scheme [35],
and (f) proposed up-sampling scheme.

advantage over the comparing algorithms. Note that the fixed
coefficient Wiener filter [46] is around 3 dB worse than the
PSNR performance of the zero padding approach [24] for two
times up-sampling (due to half-pixel shift), as shown in [35]
and Tables VII–IX.

For a more comprehensive comparison, let us also include
the results of four times up-sampling. Several natural images
were down-sampled twice using the image model in (1), i.e.,
1/4 down-sampling factor, such that the proposed scheme and
state-of-the-art algorithms were applied twice to reconstruct
the original images. Note that the down-sampled images have

TABLE IX

PSNR (dB) AND M-SSIM [48] FOR FOUR TIMES UP-SAMPLING.

(A) ZERO PADDING [24]. (B) OVERLAPPING [6]. (C) BICUBIC

INTERPOLATION. (D) WIENER FILTER [46]. (E) HYBRID

SCHEME [35]. (F) PROPOSED SCHEME

Fig. 17. Portions (256 × 256) of the reconstructed Bicycle (top) and
Boat (bottom) images for two times up-sampling using different approaches.
(a) Zero padding [24]. (b) Overlapping [6]. (c) Bicubic interpolation.
(d) Hybrid scheme [35]. (e) Proposed scheme. (f) Original HR image.

around one and a half pixel shift with the original HR images,
which can be addressed using the zero padding approach [24],
overlapping zero padding approach [6], bicubic interpolation
or the proposed scheme. Table IX shows that the proposed
scheme maintains the advantages of having high PSNR (1 dB
improvement) and M-SSIM values when the up-sampling
factor is four.

Figs. 17–19 show some visual comparison of the proposed
scheme and the state-of-the-art algorithms for two times and
four times up-sampling. Fig. 17 shows that the proposed
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Fig. 18. First frames (352 × 288) of the reconstructed Akiyo (top) and
Football (bottom) video sequence for two times up-sampling using different
approaches. (a) Zero padding [24]. (b) Overlapping [6]. (c) Bicubic interpo-
lation. (d) Hybrid scheme [35]. (e) Proposed scheme. (f) Original HR image.

TABLE X

DOWN-SAMPLING METHODS USED IN DIFFERENT

UP-SAMPLING ALGORITHMS

scheme produces much sharper pictures with much less ringing
and blocking effects around the edges compared with other
algorithms. Specifically, the reconstructed Bicycle image using
the proposed scheme looks nearly identical to the original
HR image. For the reconstructed boat image in Fig. 17,
the edges reconstructed by the proposed scheme are much
smoother and sharper than those of the comparing algorithms.
Fig. 18 shows the visual comparisons of the reconstructed
video sequences. The reconstructed frames of the Akiyo and
Football sequences give similar observations with those in
Fig. 17. The proposed scheme produces video frames, which
look similar to the original HR frames, while other algorithms
produce some ringing artifacts around the edges and texture
areas. Fig. 19 shows some reconstructed images using four
times up-sampling. The proposed scheme gives more pleasant
pictures in terms of edge and texture reconstruction. The
subjective results in Figs. 17–19 generally agree with the
PSNR and M-SSIM results in Tables VII–IX.

Fig. 19. Portions (256 × 256) of the reconstructed Bicycle (top) and Pepper
(bottom) images for four times up-sampling using different approaches.
(a) Zero padding [24]. (b) Overlapping [6]. (c) Bicubic interpolation.
(d) Hybrid scheme [35]. (e) Proposed scheme. (f) Original HR image.

C. Comparison to the State-of-the-Art Interpolation
and SR Algorithms

To provide an insight of different state-of-the-art down-
sampling and up-sampling methods, let us include some
results of the state-of-the-art interpolation [17] and SR [14]
algorithms. Table X summarizes the down-sampling methods
used in the proposed scheme and the comparing algorithms
[14]–[17]. Several natural images were down-sampled using
different down-sampling methods (as described in Table X)
and then up-sampled using the corresponding algorithms. Both
down- and up-sampling factors are 2. For the SR algorithm
[14], we tested three settings of standard derivation of the
Gaussian blur, to find out a better setting for this SR algorithm.
Table XI shows the PSNR and M-SSIM values of several
reconstructed images using the proposed scheme and other
algorithms [14], [17]. The SR algorithm [14] using Gaussian
blur of standard derivation 1 gives the highest average PSNR
value; however, the proposed scheme gives the highest average
SSIM value.

Let us recall that much research effort has been put into
interpolation and making SR of images down-sampled in the
spatial domain. We believe that there are still great potentials
of up-sampling algorithms for images down-sampled in the
DCT domain or other compressed domains. Figs. 20 and 21



HUNG AND SIU: NOVEL DCT-BASED IMAGE UP-SAMPLING 2031

TABLE XI

PSNR (dB) AND M-SSIM [48] OF THE SEVERAL NATURAL IMAGES

USING (A) THE PROPOSED SCHEME, (B) INTERPOLATION

ALGORITHM [17], (C)–(E) SR ALGORITHM [14] USING

GAUSSIAN BLUR OF S.D. 0.75, 1, 1.6

Fig. 20. Portions (256 × 256) of the reconstructed bicycle image using
different down-sampling and up-sampling methods. (a) Proposed up-sampling
scheme (Left). (b) Interpolation algorithm [17] (Right). (c) SR algorithm [14]
(Left). (d) Original high-resolution image (Right).

Fig. 21. Portions (256 × 256) of the reconstructed Lena image using different
down-sampling and up-sampling methods. (a) Proposed up-sampling scheme
(Left). (b) Interpolation algorithm [17] (Right). (c) SR algorithm [14] (Left).
(b) Original high-resolution image (Right).

show the visual comparison of the proposed scheme and other
algorithms. The SR algorithm [14] using Gaussian blur of
standard derivation 1 shows some artifacts at the turning points
of edges in the reconstructed bicycle image. Such artifacts may
be the result of insufficient training data in this learning-based
algorithm. On the contrary, the proposed scheme does not have
such artifacts. The interpolation algorithm [17] produces some

severe aliasing artifacts, which is the fundamental problem of
direct down-sampling without the anti-aliasing filter. On the
other hand, all algorithms perform very well in reconstructing
the Lena image in Fig. 21.

VI. CONCLUSION

In this paper, we propose a novel DCT-based up-sampling
scheme for images down-sampled in the DCT domain,
which allows to estimate accurately the high-frequency DCT
coefficients. The major idea is to make use of a sophis-
ticated learning-based technique to estimate the truncated
high-frequency DCT coefficients using extra informa-
tion from precomputed training sets, which give some
very successful results. This is followed by an effec-
tive low-frequency DCT coefficients refinement step, and
then the iterative de-blurring and de-blocking refinement
process.

Experimental results justify the performance of the pro-
posed learning-based up-sampling scheme, which significantly
outperforms the state-of-the-art up-sampling algorithms in
terms of PSNR (more than 1 dB improvement), M-SSIM
and subjective quality. The proposed scheme has a flexi-
ble structure. Since the proposed learning-based technique
is adaptive to the input and output training data, it can be
modified for nondyadic up-sampling factors and other block
sizes theoretically with some minor optimizations of para-
meters. Specifically, using a different image model from (1)
for different down-sampling factors and block sizes, readers
can design their own customized up-sampling scheme step-by-
step from formulating the iterative back-projection framework
to dictionary training and estimation process of the adaptive
k-NN MMSE algorithm. The iterative refinement process
for de-blurring and de-blocking can be designed accord-
ing to the formulated IBP framework and the image
model as well. Hence, the whole of this up-sampling
scheme can be modified for different applications. For the
convenience of readers on implementation details of our
scheme, the MATLAB source codes and more results of
the proposed up-sampling scheme are available on our
website [61].

In the future, we can also investigate the feasibility of
applying the proposed up-sampling scheme for scalable video
coding, to improve the coding efficiency. However, the com-
putational complexity of the proposed scheme should be
addressed. In this paper, we have successfully made use of the
k-means clustering to cluster the training pairs for acceleration.
In the future, we perhaps can investigate the feasibility of
precalculating (storing) a set of filter coefficients for each
cluster. During the online estimation, the process for searching
the k-NNs can be simplified to find clusters, such that the
process for precomputing the filter coefficients bears the major
computational load instead of performing the weighted MMSE
estimation to calculate the filter coefficients. This can possibly
save the huge amount of computation on real-time applica-
tions. Our initial experiments show a substantial performance
drop by precomputing sets of filter coefficients using the
k-means clustering to cluster the training data. Hence, much
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future research work should be done, to accelerate the speed
of the proposed algorithm with the minimal quality cost. The
accelerated algorithm can then be incorporated into a scalable
video coding platform for improving the coding efficiency,
as one of its applications.
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