MANIPULATING IMAGE PATCHES FOR COMPRESSION
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ABSTRACT

We consider how to exploit the correlation in image for
compression by virtue of studying image patches in a non-
parametric manner. Instead of extracting and recording pa-
rameters, our approach directly operates on image patches.
The basic assumption is that a subset of image patches can be
well inferred from the others; therefore, they can be removed
at encoder only to be restored at decoder. Meanwhile, assis-
tant information is transmitted for the restoration, which ac-
tually encodes the similarity between removed and preserved
patches. The entire scheme is built upon an optimization
framework, which is decoupled and solved accordingly.

Index Terms—Image compression, inpainting, non-
parametric, texture synthesis.

1. INTRODUCTION

Ubiquitous applications of image and video communications
have been challenging the compression systems. To elimi-
nate the bottleneck of signal-processing-based compression,
many works have been done to exploit the visual redundancy
in images, known as the second-generation coding [1]. Such
coding methods target at developing concise descriptions of
images without loss of important visual features. However, it
remains a difficult issue which features should be involved in
a specific description so as to facilitate a specific application.
For example, we can use many mature tools to derive a set
of parameters from an image, including histograms, edges,
wavelet coefficients, and so on. But it is hard to assert that
they have been enough to capture image features.

Instead of extracting parameters from an image, another
way arises that samples image patches and tries to directly
utilize these patches. The underlying story is that a number
of image patches contain sufficient statistics, which are often
of high-order and not easily inferred. To take advantage of
image patches in a non-parametric manner has achieved great
success in super-resolution [2] as well as in texture synthesis
[3].

*This work has been done during D. Liu’s internship at Microsoft Re-
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From the compression point of view, one tough problem
is how to represent a huge set of image patches, which may be
of different shapes, sizes, and orientations. Even if we restrict
the patches to be regular ones, e.g. squares with the fixed size,
the number of patches is still great since that patches can be
overlapped with each other. At the same time, the numerous
patches sampled from the same image exhibit strong correla-
tions, which can be exploited accordingly.

Epitome is a good example that compiles the patches sam-
pled from an image and generates a miniature. An epitome,
with remarkably smaller size than the original image, still
contains the important visual information of the image it rep-
resents [4, 5]. Recent work, known as inverse texture synthe-
sis [6], also combines plenty of image patches into a so-called
compaction, and has improved on epitome when the image
contains rich textures.

In this paper we consider another approach to manipulat-
ing image patches for compression. Different from epitome
or compaction which generates a smaller image, our approach
will provide an incomplete image with the same size to the
original, only partial regions removed. Intuitively, both ap-
proaches utilizes the correlations between image patches and
provides condensed description. Moreover, two differences
are noticeable. Firstly, the incomplete image still keeps the
spatial locations of the preserved patches, while the epitome
or compaction has lost such information. Secondly, the recon-
struction in the epitome or compaction case requires a full-
resolution map, which indicates where the patch can be found
within the smaller image. In our approach, the reconstruc-
tion is only required for the removed regions by virtue of the
preserved ones, which is virtually the inpainting problem.

This paper is related to our former work that integrates
inpainting into compression, and assistant information is pro-
posed to enhance the inpainting capability [7]. In this paper
we also adopt the inpainting with assistant information as the
reconstruction method. And we have considered the entire
scheme based on the framework of image patches. Instead of
extraction and utilization of edges in [7], we directly operate
on image patches in this paper.

We will provide the mathematical formulation of our ap-
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Fig. 1. Illustration of symbols.

proach in Section 2. Section 3 is devoted to the solution to the
region removal problem. Section 4 will discuss the inpainting
method for the reconstruction. Section 5 presents some ex-
perimental results and concludes this paper.

2. MATHEMATICAL FORMULATION

As shown in Figure 1, assume an observed image f is defined
on I, where I C Z? is a set of 2-D coordinates. Our approach
essentially condenses image patches by dividing I into the
removed regions 7, 7 C I, and the preserved regions S =
I — 7. § is considerably smaller than I for the purpose of
compression. Note that we perform our approach by studying
image patches that sampled from I. To make this clear, we
use the symbol f, to denote an image patch sampled from f
at the location p, where p is always 8 x 8 square in this paper.
We further define two sets of patch locations, 7+ = {p|p C
TandpN7 # @} and ST = {¢|¢ C S}. Figure 1 shows
some patches belonging to 7 T and ST, note that patches are
overlapped with each other.

In our approach, decoder reconstructs the image in two
steps. First, the preserved image regions are decoded and pre-
sented as an incomplete image f. Second, the removed image
regions are restored by inpainting as g,

{gplp € T} = Fo({fala € ST}). ¢))

where F is an implicit inpainting functional, provided the as-
sistant information #. We emphasize that such € does not exist
in traditional inpainting problems. However in our approach,
we adopt inpainting as the restoration module in the compres-
sion scenario. Therefore, kinds of distinctive information can
be extracted from the removed regions at encoder and be uti-
lized by inpainting at decoder. The introduction of 6 into (1)
thus makes inpainting a quite different problem.

In terms of compression, we consider how to achieve
the best coding performance by minimizing the joint rate-
distortion cost,

J=Ds(f,f)+ D1(f,9) + \(Rs + Rf + Rg).  (2)

The degrees of freedom in our approach include: region re-
moval, coding of preserved regions, inpainting as well as as-
sistant information. If all these factors are jointly considered,
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the optimization problem will be quite complicated. In this
paper, we decouple the problem as follows.

Firstly, consider the region removal, i.e. to split I into 7°
and S. Intuitively, we translate the rate-distortion optimiza-
tion as the following two questions: Which part of an image
can be well restored from the other parts, while which part
cannot? Now put aside the inpainting or compression for sim-
plicity, we can solve the two questions by studying patches
sampled from the original image. We formulate an energy
function and minimize it, which will be detailed in Section 3.

Secondly, assume we have gotten the split of I, i.e. 7
and S, consider the inpainting problem. At this step, we have
been inspired by two works, texture optimization [3] and intra
motion compensation [8], both are combined in our approach.
To be specific, we first constructs an energy function of image
patches, similar to that in [3], but obviously different due to
the assistant information 6. Then, we restrict € to directly en-
code the similarity between removed and preserved patches.
Such 6 can be acquired by encoder with an intra motion esti-
mation module [8]. The details are given in Section 4.

At last, we remark that the decoupling of the joint cost
(2) is not optimal but rather for practice. One can find from
the following two sections that there are only direct manipu-
lations of image patches in the solution, which is performed
in the non-parametric manner.

3. REGION REMOVAL TO COMPRESSION

As mentioned before, in region removal we put aside the
inpainting or compression, only consider original image
patches. Here we define an hidden image & to indicate the
inferred regions. Our objective is to find the optimal removal
7T*, in order to minimize the inference error as well as to
introduce possible compression, i.e.,

T* = arg{min F,.,,, subjectto |7 | > To}, 3)

Erem: Z pr_hP”z’ (4)

peT+

i.e. the removal energy E..,,, is sum of patch distances where
the distance is in the Euclidean sense. | 7| is the cardinality of
T and T is a specified area of the removed regions.

Intuitively, h is related to inpainting (and compression as
well), but since we want to decouple the problem, we estimate
h by minimizing a heuristic energy function,

1 2
Eing :W Z [Py — fpr
apéT*,p* eSS+ ) (5)
+ @ Z ||fq - hq* )

qeSt ,q*eT+

where h, is an inferred patch while f,« is its match, where p*
belongs to ST and the distance from [, to hy, is minimal. f,



is a preserved patch while h g« is its match with the minimal
distance, ¢* € 7. « is a predefined positive weight.

The energy E;y,s (5) consists in two parts, termed for-
ward energy and backward energy, respectively. To minimize
the forward energy means that each removed patch can find a
good match from the preserved ones, thus it can be well re-
stored. To minimize the backward energy means that the pre-
served patches can also find good matches from the restored
ones. In other words, the preserved patches can only consti-
tute the removed regions but not able to provide other infor-
mation. Due to the minimization of the backward energy, the
region removal process tries to remove as much redundancy
as possible. Therefore, the backward energy is related to the
rate in terms of compression.

The solution to (3) is not trivial in practice since the re-
lationship between FE,..,, and 7 is not explicit. Here we
consider a block-wise region removal, i.e. original image is
divided into non-overlapped blocks and some are removed.
For the purpose of sampling patches, the block size should be
larger enough than the patch size. Each block B is related to
an estimated removal energy calculated by (4), where 7 is re-
placed by B. The blocks with less energies will be removed,
until the specified area T is achieved.

To calculate the removal energy for each block also re-
quires to estimate /i by minimizing the energy F;,, ¢ (5). Here
7 is replaced by B while S is replaced by I — B. In practice,
I — B is further substituted by A g, which means the neigh-
borhood of B, in order to reduce the computations. Note that
p* and ¢* in (5) are implicit variables, so we adopt an EM
(Expectation Maximization) like algorithm to minimize (5).
In the E (Expectation) step, p* and ¢* are fixed and £ is ad-
justed to minimize the energy. According to the derivatives,

Ao 9) B+| 2, o) + *§+5q*(x’y)) 1
1
(ﬁ Z f(@1, 1)

(z,y)€p,(z1,y1)EP*

Z f('rQa y2))7
(z,y)€q*,(x2,y2)€q

e
V|
©)

where 0,(x,y) is an indicator function that evaluates 1 if
(z,y) € p and 0 otherwise, d4-(x,y) has similar definition.
(1, 1) is the counterpart of (x, y) according to the relation-
ship between p* and p, while (z2,y2) is also corresponding
to (x,y), but according to the relationship between ¢ and ¢ *.
In the M (Maximization) step, h is fixed and p* and ¢* are
adjusted to minimize the energy, which is virtually to find the
most similar patch for each h, and f,. E and M steps are
iterated in turn until convergence.
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4. INPAINTING TO RECONSTRUCTION

Now the removed regions 7 are determined. The incomplete
image is fed into an image codec and the preserved regions are
reconstructed as f. We consider the inpainting problem for-
mulated by (1). The optimal restoration in the rate-distortion
sense is accomplished by minimizing the joint rate-distortion
cost,

Eres =Y _ [If» — 9ol + BRo, )

peET+

where [ is a positive weight. Furthermore, inspired by the
texture optimization method [3], we explicitly express the in-
painting (1) as to minimize the following energy function,

Einp = Z

peT+,p*eS+

2

llgp = Fo= (D7, (8)

where the patch £, is the match to gy, i.e. p* belongs to ST
and the “distance” from f,- to g, is minimal. The “distance”
here is not only in the Euclidean sense but also constrained by
the assistant information €, which is the essential difference
between our formulation (8) and the one in [3].

Note that in [6] the energy function also contains a con-
trol map that acts similarly as 6, but the control map is of-
ten derived from specific applications in graphics (i.e. known
a priori). In our formulation, we define 6 within the image
patches framework. Let 6 directly link the patches p* and p,
i.e. 6 encodes geometrical transformations including transla-
tion, rotation and scaling, or even deformations. In case the
patches are regular ones, e.g. squares with the fixed size, 6 ac-
tually reduces to displacement vectors for only translations.

To make our idea clear, rewrite the inpainting energy func-
tion as follows,

Einp = Z llgp —

pET,T

> g el ©

peT,

where 7+ is divided into 7, and 7,". f,~ does not explicitly
dependon 6, i.e. p* are searched out according to the criterion
of minimal Euclidean distance. fpe is determined only by 6,
or specifically, for each p € 7," the p is decided by 6.

The joint consideration of (7) and (9) leads to a practical
algorithm for inpainting with assistant information. At the en-
coder side, by an intra motion estimation module, we search
for each p € T the best match p# according to f, and fp#.
All such displacement vectors are stored in 6. Then encoder
needs to select a subset of 6 to transmit. The selection can
be a greedy one, which drives the joint cost (7) to decrease in
the steepest direction. Start from the initial case § = &, cal-
culate the energy (7). At each step, choose one displacement
vector in #y and move it into €, check the energy (7) again. If
the energy decreases, this displacement vector is accepted and
continue to add; otherwise, the process halts. At the decoder
side, according to the selected 6, (9) is minimized to restore
the removed regions.
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Fig. 2. Coding performance in PSNR versus bit-rate.

Fig. 3. Incomplete images, black for removed regions (top)
and reconstructed images (bottom).

When calculating the energy (7), the restored image g is
acquired by minimizing (9), which contains implicit variable
p*. Our solution to (9) is again the EM like iterative method.
In the E step, p* are fixed and g is adjusted according to,

g9z, y) = ( Z 5P(Iay))_1( Z f($1,y1)), (10)

peT+ (z,y)€p

where (z1,y1) is the counterpart of (z,y) according to the
relationship between p* and p if p € 7;", or between p? and
pif p € T,7. In the M step, g is fixed and p* is adjusted,
which means to find the most similar patch for each g,. E and
M steps are iterated in turn until convergence.

5. RESULTS AND CONCLUSION

We construct an image compression system to verify the pro-
posed approach. Input image is divided into 16 x 16 blocks,
some of which are removed according to an input ratio. The
block removal algorithm has been discussed in Section 3 and
the weight « in (5) is set to 0.1 empirically. A binary mask
encodes whether each block is removed or not. The incom-
plete image is coded by JPEG while the removed regions are
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skipped during JPEG coding. Moreover, the removed regions
are restored by inpainting with assistance of a set of displace-
ment vectors, as detailed in Section 4 and the weight (3 in (7)
is an input parameter. Since JPEG is adopted to code the in-
complete image, the results reported herein are not intended to
be state-of-the-art. But our proposed approach is much more
general, any existing compression methods can be readily in-
tegrated into our system.

Figure 2 shows the PSNR versus bit-rate performance of
our system when testing on the Barbara image and the re-
moval ratios are from 10% to 40%. The data points corre-
spond to different JPEG quality parameters and different 3’s.
Compared to baseline JPEG, our system can achieve PSNR
improvement as high as 0.5dB. We remark that PSNR is not
quite suitable to evaluate our approach since that the inpaint-
ing can present visually pleasing results but with large pixel-
wise errors. How to assess the quality remains an open is-
sue. Figure 3 shows the incomplete images for Barbara and
Kodim07' at 40% removal, as well as the final reconstructed
images at 0.62bpp and 0.48bpp, respectively. The restoration
quality is satisfactory for most textural regions.

The compression approach proposed in this paper directly
utilizes the correlations within image patches. We have dis-
cussed the region removal and the inpainting with assistant in-
formation within the framework of image patches. By solving
optimization formulations, we show how the entire approach
translates the rate-distortion theory into practice. Experimen-
tal results demonstrate the potentials of our approach.
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