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ABSTRACT:
Digital medical images are used in diagnosis of diseases. There are lots of compression methods available in the
literature. This paper proposes a method for medical image compression using KSVD dictionary learning and sparse
representation. Since medical images need to be reconstructed more accurately and efficiently, we introduce an
improvement in the general sparse representation scheme based compression. For a class of images, multiple level
dictionaries are computed and stored in both encoder and decoder. By using these dictionaries, sparse representation
of target image is computed and encoded. In the proposed method we use 2 level dictionary. So, quality of
reconstructed image can be ensured. The experiments show that proposed method is better than the general sparse
representation based compression and standard JPEG.
Keywords: : Image Compression, Sparse Representation, KSVD Dictionary Learning , OMP Algorithm.

I.

I NTRODUCTION

MR imaging is one the most popular assistive
technologies in diagnostics, due to the high
spatial resolution of images produced by the
modality. Spatial resolution entails larger
memory requirement for storage. Larger size of
the files makes transmission of the images
difficult owing to the constraints in bandwidth.
Transmission is very relevant in the modern age
of e-medicine where the processes of imaging
and diagnosis can happen in geographically
distant locations. Hence, compression of medical
images is a topic of contemporary interest.
There are several methods available for
compression. It can be lossy or lossless. In
lossless data compression techniques, the

compressed images can be exactly reconstructed
back to their original forms. Some of the
techniques used for this purpose are lossless
transform coding, predictive coding and entropy
encoding. In lossy data compression, exact
reconstruction of the image is not possible as the
compression process results in some information
loss. A certain level of information loss is
affordable as the corresponding reconstruction
error is imperceptible to human visual system.
Sparse representation [12] is a relatively new
concept in signal and image processing. As the
name indicates the objective of sparse
representation algorithms is to find parsimonious
representations of signals, i.e., representations

with very low number of non-zero entries. The
interpretations of sparsity in signal representation
are so powerful that they have found applications
in varied domains like signal processing and
machine learning. The technique, by virtue of the
sparsity, is an obvious candidate for compressed
representation of signals and images. The paper
tries to propose a new algorithm in this direction
.
1.1. Sparse representation
Sparse representation of data vector implies
representing the input vector with low number of
coefficients. It assumes a linear model of data
generation, where the observations are obtained
from linear combinations of the columns of a
matrix D, from here on referred to as Dictionary.
Let D be the
dictionary. An input vector
Y of dimension
can be represented as a
linear combination of columns of the dictionary
D. That is, Y=Dx, where x is referred to as the
representation of Y with respect to the basis
vectors in the dictionary D. This seemingly
simple model can be rendered powerful by
imposing constraints on the representation vector
x. Sparsity is one such constraint that can provide
key insights into the underlying structure of data.
Sparsity emphasizes the parsimony of
representation as key to understanding the nature
of the data observations. The fundamental
formulation of the problem is given as below in
Eqn (1)
min║x║0 such that Dx=Y
(1)
where
is the number of nonzero elements in
the vector x. Since the objective of the approach
is to have a representation with low 0-norm, the
dictionary D is taken to be over complete
(N>>M). An intuitive justification for the choice
of an over complete basis is that it gives the
freedom of choosing the sparsest from an infinite
number of candidate solutions. (1) requires the
exact representation of Y. Sometimes relaxing the
exactness of representation can lead to increasing
the flexibility and power of the model. Hence, the
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exact reconstruction constraint is replaced with
an approximate reconstruction condition given in
Eqn (2) given below. As the name implies, we
don't need to reconstruct Y exactly. So, we get
more flexibility in the choice of x. The sparse
approximation problem can be stated in 2 ways,
one based on error and other based on sparsity.
Error based sparse approximation problem can be
stated as, with D and Y defined as above,
find x such that
(2)
Sparsity based problem can be defined, for given
, number of nonzero elements, as: find x such
that
(3)
The exact solution of all the problems listed
above are NP Hard. But, there are good
approximate solutions to the problems. There are
several algorithms for obtaining the approximate
solutions of the sparse approximation problem.
Some of them are Matching pursuit and
Orthogonal matching pursuit. We use Orthogonal
Matching Pursuit as it gives lower error
compared to Matching Pursuit algorithm.
Sparse representation of signals has a wide range
of applications in the field of image processing
such as compression, segmentation [21],
denoising [3], measuring the image similarity
[16], and feature extraction [6],[14]. Application
of Sparse representation is there in medical
imaging field also. [19] does classification of MR
images of brain for Alzheimer’s disease diagnosis
using sparse representation.
A good choice of the dictionary is essential in
obtaining a sparse and sufficiently accurate
representation of the data. Predefined dictionary
as used in [1][5] may not be the most suitable one
in giving a parsimonious representation without
compromising the fidelity of reconstruction.
Learning a dictionary from the data is an
intuitively pleasing solution as it should be more
capable of representing random vectors generated
from the same distribution as that of the training
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data. Therefore, a good dictionary learning
method is essential for getting better sparse
representation of the input signal. A dictionary
can be defined as a collection of atoms.
Normally, dictionary can be a matrix with
column vectors as each atom. If dictionary D is of
size
then there are N atoms each of size
. Sparse representation problem can now be
stated as :
(4)
Where, Y is a
matrix with column
representsing the K training vectors. D is the
dictionary and coulmns of X are the
representations of the training vectors in Y.
is
the maximum number of nonzero entries in the
representation
Sparse representation problem therefore involves
the solution of two sub problems, namely,
(i)Dictionary learning in which a dictionary D
is obtained making use of the training data, and
(ii) Sparse coding in which a sparse
representation X of the data with respect to the
dictionary D learned in the previous phase is
computed. This problem is solved, albeit
approximately using the algorithms like Matching
Pursuit and Orthogonal Matching Pursuit. OMP
is the algorithm used in the present work and
discussed in Section 1.2.
1.2. Orthogonal Matching Pursuit Algorithm
OMP algorithm [15], as discussed above, aims to
give sparse representation of a signal Y by using
a specific dictionary (learned by the dictionary
learning algorithm). It is an iterative greedy
procedure with an iteratively growing subset of
selected atoms from the dictionary D. Denoting
by
the collection of selected atoms at the
beginning of iteration k, the residue at the
iteration is defined as:
, where
α= + y. It represents the error obtained if y is
represented using the subset
. In each
iteration, the vector with highest correlation to
the present residue is selected and placed in a
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group of selected items. It is greedy because of
this myopic selection of the current best available
atom. Each iteration adds a new atom to the
collection
of
selected
atoms.
Hence
. After each update of the subset
the residue vector r has to be recomputed. At
each iteration the residue r is orthogonal to
.
This ensures that an atom once selected will not
be selected again in future iterations. It is this
orthogonal projection of residue on
that
differentiates it from basic Matching Pursuit and
gives it the name Orthogonal Matching Pursuit.
Repeat this process until stopping criterion is
met. We can specify the stopping criteria based
on our need that is if we want particular sparsity
in the representation then repeat the steps until
the sparsity acquired. If we prefer more accurate
representation than sparsity then we go for error
checking that is repeat the steps until the
difference between the vector and its
representation is less than the given threshold
value. In this algorithm, the inputs are the
dictionary D, the vector y and the sparsity
required. The OMP algorithm given below is
taken from [18].
Algorithm1: Sparse coding
Input : Dictionary,
,
Output: Approximate solution, x which
Steps :
1. initialize residue,
,
, x= zeros(N,1)

,

,

2. while (stopping criteria not met) do
3.

k=k+1

4.

j =

. Update ,
and
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5.

Compute residue ,
,
+
where α =Dk y // '+' represents pseudo
inverse

6.

end while

7.
1.3.
KSVD Dictionary Learning Algorithm
This algorithm is used to learn a dictionary for
sparse representation [7] of signals. The
algorithm is an iterative one. Each iteration is
composed of two stages- sparse coding and
dictionary update. In sparse coding stage, a
sparse representation is computed based on the
present dictionary, using OMP algorithm. The
second dictionary update stage performs one by
one update of the dictionary atoms. The sparse
code computed in the first stage is used to
associate a dictionary atom to a subset of the
training set. The association between an atom and
a training vector is defined on the basis of
whether the atom is present in the sparse
representation of the vector. Therefore the sparse
codes obtained in the first stage define the
associations of each atom with the data vectors.
The crux of the dictionary learning part is the
adaptation of each atom such that the error of
representation of the associated training vectors is
minimized.
Let represent the
column of dictionary D. In
the
iteration, compute the error as
where
is the
column of
the current dictionary D and
is the
corresponding coefficient in the representation
that is the
row. Since we are concentrating
only on
restrict E by selecting only those
columns corresponding to the signals which use
in their representation. The computed error is
stored in . Our aim is to reduce the error as
much as possible so that those signals can be
represented more accurately using . Now for
the selected atom we got the error as
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(5)
where

is the

element of the column

of

coefficients ,
is the
column of the error
matrix
and
is the number of vectors in Y
which uses . It is easy to show that the optimal
value of
rewritten as

is

. Therefore (5) can be

The Lagrangian of the constraint optimization
problem is given by

(6)
where
is the
Lagrangian multiplier.
Differentiating Eqn (6) with respect to
and
equating to zero we get the following
(7)
where R=

since R is symmetric

then (7) is same as
(8)
The solution is therefore the eigen vector of R
corresponding to the eigen value of .The
corresponding objective function is
(9)
(9) implies that
should be maximized to
minimize the error and hence the largest eigen
value of R is chosen. It is obvious that is the
square of largest sigular value of the
matrix.
Let
be the SVD of
in decreasing
order. Then

, the first column of U. The

corresponding is given by
the first column of
The algorithm is as follows [13]:

where

is

Algorithm2: Dictionary learning algorithm
Input : initial dictionary,
; the set of training
signals, Y; and the number of iterations, k.
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Output: Dictionary, D and
representation of input signal, X
steps:
1. Initialize D with

the

Sparse

2. for n=1 to k do
3. X = OMP (D , Y)
4. for each

in D do

5.

I=

6.

Compute the error,

7.
//columns corresponding to I
8.
//Singular value decomposition of
9.

= ,
=
, where
and
are the 1 st columns of U and V
respectively.

II.
RELATED WORKS
JPEG is an international compression standard
that was developed by joint photographic expert
group [17]. The main technique used is transform
coding, employing either discrete cosine (DCT)
or Wavelet, apart from the quantization, RLE and
entropy coding. It offers excellent quality at high
and mid bit rates. However, quality is not that
acceptable at low bit rate.
Li et al. [20], suggests another efficient medical
image compression method. It is a fast lossless
compression scheme. It is a predictive coding
scheme where the pixel value at each location is
predicted based on top and left neighbours. The
prediction error is then Huffman coded to get a
compressed representation.
Horev et al. [4] presents an adaptive image
compression using sparse dictionaries. The
authors train the dictionary specifically for the
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input images and encode it as part of the
compressed stream. KSVD is used to generate the
input specific dictionary from the training images
after partitioning them into smaller blocks. By
using this Dictionary, the input image is sparse
coded and quantized.
Guangqi Shao et al.
proposed fingerprint
compression based on sparse representation [2].
The authors generated dictionary from the mean
subtracted
fingerprint
blocks.
Sparse
representation is computed using this dictionary.
Coefficients less than a threshold value are
treated as zero in the sparse representation. The
nonzero coefficients, their location, number of
blocks, and block means are encoded to obtain
the final representation.
Another work in sparse image compression is by
Michael Elad [12] who employed sparse
representation for facial image compression
using
already trained dictionary for both
encoding and decoding; the dictionary is
generated based on KSVD algorithm.
SAR Image Compression Based on Sparse
Representation proposed by Jianping Xu et al.
[8] Suggested a similar method as [2] they train
the dictionary first and by using that find the
sparse code. The non zero coefficient are DPCM
coded and their indices Huffman.
Karl Skretting el al. proposed
“Image
Compression using learned dictionaries by RLSDLA”[10]. Instead of KSVD they use RLS-DLA
[Recursive Least Squares Dictionary Learning
Algorithm]. Their result shows that the method is
better than JPEG and other existing dictionary
learning methods and comparable with JPEG
2000.
Method mentioned in [12] requires 4000
images for training the dictionary. And, also it
requires a dictionary for each block. Storing that
many dictionaries requires a huge amount of
memory. We try to address this issue by
proposing a single dictionary that can represent a
class of images without compromising the
accuracy of reconstruction and compressibility of

34

the representation. There is no literature available
in medical image compression field which uses
the concept of sparse representation. This is the
first work in this direction to our knowledge.
Generally
sparse
representation
based
compression has 2 stages, one is dictionary
learning and the other is sparse coding using
trained dictionary. By using any of the dictionary
training algorithms, compute and store the
dictionary prior to compression of an image. The
images are compressed by sparse coding using
the dictionary obtained in the above stage. The
sparsity of the code obtained is well suited for
compressed representation as the number of nonzero coefficients in the code is a small fraction of
the total number of coefficients obtained.
III.
PROPOSED WORK
For getting appropriate sparse representation,
dictionary must be specific to the target class of
images. The advantage of using a dictionary
tailored for a class of images is that the resulting
representation would be highly sparse and
accurate at the same time. Medical images can be
classified based on the modality employed and
the part of the body imaged. It is quite credible to
assume that a given modality image capturing a
particular part follows a specific unique
distribution. Therefore, training a dictionary for
such a class will potentially give a basis for
compressible encoding of the image belonging to
the class.
Similar works such as [2][12][8] along the lines
have been proposed as discussed is Section 2. We
are trying to propose an improvement of the
methods discussed earlier [12] to address some of
their demerits mentioned in the last section. The
first issue that we are venturing to address is to
have a single dictionary to represent the whole
image. This
cuts down the number of
dictionaries required at both the encoding and
decoding sides. This also reduces the number of
training images needed to learn the dictionary.
The requirement of a large number of dictionaries
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is on account of block by block mode of training,
where a dictionary is learned for each block of
the image. We on the other hand tried to have a
dictionary to represent all the blocks in an image.
Learning a dictionary by directly applying KSVD
on the blocks did not give satisfactory results
compared to JPEG standards. So, the training
algorithm was modified to learn the dictionary in
multiple levels. The details of the modification
are mentioned in Section 3.1. The important
point is that there is not much computational or
spatial complexity overhead in the multilevel
learning of dictionary. We split the number of
atoms in the dictionary in the general scheme into
2 levels. That is, if there are N atoms in the
dictionary generated by old scheme, then in our
proposed method N/2 atoms are in level 1
dictionary and the other half is in level 2
dictionary. The total number of coefficients in the
overall sparse code is also shared between the
two levels. This reduces the computation
complexity in each execution of the OMP
algorithm in the sparse coding stage.
The proposed method is similar to that
implemented in facial image compression in
reference [12], a dictionary is learned for each
block. If the image is divided into N blocks, we
need to train and store N dictionaries. It is very
space consuming. But, in this proposed method,
we propose a dictionary learning in two levels level I for coding the image blocks and other for
representing the residue produced by the level I
dictionary. That is, first we will train the 1st level
dictionary by using training vectors obtained
from the image. Then compute the error for each
training vector and learn a 2 nd level dictionary for
those error vectors left by the first level
dictionary. We compress the image by using a
combination of the two dictionaries. The method
can be divided mainly into 2 steps, one for
dictionary learning and the other for encoding of
image using the sparse code generated by the
dictionary. For dictionary learning, KSVD
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algorithm is used, and for finding sparse
representation OMP algorithm is used.
3.1. Dictionary learning
For dictionary learning, input images are divided
into blocks. The proposed method, like the JPEG
compression scheme, also works on the DCT
coefficients. The coefficients of the blocks are
obtained. Encoding of AC and DC components
are done separately. The algorithm proposed
works on the AC coefficients. Each block is thus
converted into a BxB-1 length vector, where B
represents the dimensions of the block. By using
these vectors, 1st level dictionary is made using
KSVD algorithm. Next step is to compute the
error for each training vector when represented
using the learned dictionary. Taking these error
vectors as input, a 2 nd level dictionary is trained.
The sparse code is generated using a combination
of the above obtained two level dictionaries.
Finally, the sparse code is compressed. Details of
compression are presented in the following
section.
3.2.

Representation of image using trained
dictionary
First, the image is divided into blocks and the
DCT coefficients are computed for each block.
Separate out the dc components and encode them
independently. Now, represent the
blocks
(without dc component) as vectors. Each of the
vectors is sparse coded using OMP algorithm
using the level 1 dictionary. The residue left by
the level I dictionary representation is sparse
coded using level II dictionary. This will
intuitively reduce the final error as the 2nd level
dictionary is designed for coding the error
vectors. These 2 representations together give the
sparse representation of the image. Collect the
nonzero coefficients and the corresponding
indices separately. Save the Quantized
coefficients, DPCM [ Differential pulse code
modulation : Store the difference from the
neighbour instead of storing the value as it is ]
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coded indices, and quantized dc component after
Huffman coding. The algorithms 3 and 4 to
accomplish the above tasks are given below:
Algorithm 3: Dictionary Training
Input
: Set of training images
Output
: 2 dictionaries , and
Symbols Used :
T
M
N
B

€
matrix of AC coefficients
: Total number of blocks in training.
:
: Size of a block.
: Sparse code of T with respect to
E :Error while representing T with
: Sparse code of E with respect to
Steps :
1. Divide training set images into
blocks of B X B.
2. Apply DCT on each block and
remove the dc component.
3. Construct T with DCT coefficients
from step 2.
4. [

,

] = KSVD ( T )

5. Find the error ,
6. [

,

] =KSVD ( E )

Algorithm 4: Representation of image using
dictionary and encoding
Input
:
Image
to
be
compressed,
Dictionaries,
and
Output : Compressed representation of image
Symbols used :
: Representation of the vector X using
: Collection of the representation vector
E : Error vector while representing X using
: Representation of the vector E using
: Collection of the representation vectors
R : Matrix composed of and
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Steps :
1.
Divide the target image into blocks of B
XB
2.

Find DCT of each block

computed were recorded. The different
algorithms were compared on the basis of these
metrics. The results are shown in Figure 1 and
tabulated as in Table 1.
JPEG

3.

Collect all the DC coefficient in D.

4.

Remove dc coefficient from each block.

5.

6.

Construct T with DCT coefficients from
step 4.
For each column, X in T

7.

= OMP (

8.

= [

,X)

PSNR
6.1
6.4
6.6
7
7.7
8.3
9.5
11.1
12.6
19.2
28.78

CR
44.45
44
43.69
43.2
42.34
41.53
40.27
38.78
37.68
33.64
30.3

KSVD
PSNR
6.1
6.4
7.3
7.9
8.5
9.3
10.3
11.7
13.1
18.6
28.7

CR
42.06
42.03
41.8
41.54
41.2
40.85
40.24
39.4
37.8
34.1
30.7

PROPOSED
METHOD
PSNR
CR
6.4
44.3
6.8
43.8
7.4
43.28
8.04
42.46
8.8
41.86
9.5
41.3
9.8
40.94
11.26
39.95
14
37.38
20.48
33.6
32.38
31.37

Table: 1. Comparison of performance

9.

]

E =

10.

= OMP (

11.

= [

12.
13.

Set

,E)

]
.

[ AC , INDX ] = find(R ≠ 0); // find
nonzero coefficients and their indices.

14.

Quantize AC and D.

15.

Use DPCM coding for INDX.

16.

Quantized AC , D and DPCM coded
INDX are Huffman coded.

IV.
EXPERIMENTAL RESULT
We conducted several experiments to evaluate
the result and compare it with existing, JPEG
standard and the image compression technique
using sparse representation with single
dictionary. In our experiment, for learning the
dictionaries we use 100 MRI brain images. All
images are of size
. We have taken a
block size of 8, so 1024 blocks were obtained
from for each image. The dictionary was trained
for different levels of sparsity and the
corresponding PSNR and compression ratios
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Fig: 1. Graph showing the result

V.
CONCLUSION
In this paper a multilevel dictionary learning
algorithm is proposed for obtaining compressible
sparse codes of images. The proposal tries to
device a compression method based on the
multilevel dictionary. The intuition that leads to
the idea is that splitting the dictionary learning
algorithm into two levels and designing the IInd
level to represent the error generated by the first
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level adds greater flexibility to the dictionary in
representing the data vectors better. This scheme
is working well and leads to better results than
were obtained using direct application of KSVD.
With this modified version of KSVD, results
better than JPEG were obtained even when a
single 2-level dictionary was used for the whole
image. The results are expected to be better
should a dictionary for each block be used. But,
this leads to the requirement of a larger number
of training images. The proposed work is generic
in the sense that the modification can be
combined with other sparse code based
compression methods as well.
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