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Abstract— in this paper a new image compression scheme 
using redundant dictionary and sparse coding is proposed. 
Unlike other sparse coding schemes which use just one dictionary 
we employ multiple specific dictionaries for compressing a class 
of facial images. The recursive least square dictionary learning 
algorithm, RLS-DLA, is used to design the adaptive dictionaries, 
each tuned to an interval of target compression rate. The 
evaluation of the presented method shows that in spite of being 
simple and fast, it outperforms modern standard compression 
techniques, specially the JPEG2000, by about 0.5 to 1.2 dB. This 
in turn, displays the effectiveness of the scheme compared to the 
state-of-the-art sparse coding schemes. 

Keywords— Image Compression; Dictionary Learning; RLS-
DLA; Sparse Coding; JPEG2000 

I.  INTRODUCTION 
In recent years, sparse and redundant representation 

modeling has been shown to be a powerful and efficient tool 
for signal analysis and processing. The Sparse representation 
of a signal could be applied in many tasks, such as signal 
denoising, approximation, and signal compression [1]-[3]. The 
goal is to represent a given signal as a linear combination of 
some given basis functions in such a way that most of the 
representation’s coefficients be equal to zero or have small 
magnitudes. On the other hand, the signal representation’s 
coefficients have to be sparse. In this paper we consider the 
signal x ∈ ℝ  and the basis functions D = [d , d ,… , d ] =
{d } ∈ ℝ ×  where D is called a dictionary and each 
column of that is called an atom. The dictionary is called 
overcomplete if 퐾 > 푁. In this paper, and many other tasks 
the dictionary is assumed to be overcomplete [1]. A sparse 
coding algorithm seeks the sparsest representation of the 
signal by using a dictionary D and a coefficient vector of 
weights, w ∈ ℝ , such that x ≃ Dw. This model received a lot 
of attention during the last decade. The representation of the 
signal is: 

 푥 = 푤(푘)푑 =퐷푤, 푟 = 푥 − 푥 = 푥 − 퐷푤 (1) 

The vector r is the representation error, and there is a 
sparseness constraint ‖푤‖ < 푠 or ‖푤‖ < 푠 . The ‖. ‖  is l0 
pseudo-norm, the number of nonzero elements and the ‖. ‖  is 
l1 norm, the sum of absolute values of the vector elements. 

The sparsest coefficient vector could be found by solving the 
following optimization problem [1]: 

 푤 = argmin‖푤‖ + 훾‖푥 − 퐷푤‖  (2) 

As γ increases the solution is getting denser. By changing l0-
norm to l1-norm the problem makes easier to solve. There are 
some sparse coding algorithms which can solve the equation 
(2), such as OMP, ORMP and LARS [2]. Here we used the 
ORMP (Order Recursive Matching Pursuit) for finding the 
weights, as it achieved less error. For the dictionary there are 
two options: general dictionaries that are built based on a 
mathematical models like  DCT or wavelets transforms, and 
content specific learned dictionaries, built from a training set 
to perform best [3]. In the past decade, several methods for 
dictionary learning have been developed, like MOD, K-SVD, 
ODL and RLS-DLA. In this paper, we used the RLS-DLA 
(Recursive Least Squares Dictionary Learning Algorithm), 
which is a new and effective method of dictionary learning 
[1]. 

There are standard algorithms for image compression, such as 
JPEG and JPEG2000, which use fixed general dictionaries for 
image decomposition. In these algorithms, the DCT or wavelet 
coefficients after quantization are often sparse. Redundant 
dictionaries also have been used for image compression [4]. 
Recently, compression schemes aimed at specific 
classes of images have been developed, and show substantial 
gains by employing a content-specific dictionary, which is 
optimized for that class of images. Considering the 
compression of a specific and narrow image class like facial 
images, as the amount of redundancy increases, better 
compression rates are expected and may be achieved [5].  

In this work we propose a new compression scheme based on 
multiple sparse dictionaries. The dictionaries are built with a 
training facial images data set and applied for compressing 
other facial images to test the result. Each dictionary works in 
a specific range of target quality for a more precise training. 
Our simulations show that this scheme outperforms JPEG and 
JPEG2000.  

In the next section we provide a background on dictionary 
learning and the RLS-DLA structure. In section III we 
describe the image compression method using the sparse 
dictionary. Section IV introduces the proposed method. In 



section V, we evaluate our method to show its effective 
performance. The conclusions are provided in section VI. 

II. SPARSE DICTIONARY LEARNIG 
 

An important problem in a sparse representation-based 
application is how to choose the dictionary. There are many 
pre-specified dictionaries, such as the Fourier, Gabor, Discrete 
Cosine Transform (DCT) and Wavelet, but they are not most 
efficient in representation of specific classes of signals. For 
this purpose, dictionary learning has widely been the subject 
of many researches in the last decade [3], [5]. The 
performance of recovery or sparse coding algorithms in terms 
of approximation quality and weights sparsity depends not 
only on the signal itself, but also on the overcomplete 
dictionary. Dictionary algorithms do not provide the same 
approximation performance. There are dictionaries that are 
more likely to lead to sparser solutions than others. Finding 
such dictionaries including atoms best explaining the target 
data is the goal of dictionary learning methods. 

A dictionary learning algorithm uses a training data matrix,  
{푥 } , 푥 ∈ ℝ , containing L signal vectors and finds a 
dictionary, D, that most training signals have sufficiently 
sparse representation in it. A typical dictionary learning 
algorithm solves the following problem: 

 argmin
,
‖푊‖ + 훾‖푋 − 퐷푊‖ 	. (3) 

Where X denotes a matrix with xl as columns and W a matrix 
with the corresponding weights wl as columns and ‖푊‖ =
∑ ‖푤 ‖  is the total number of non-zero weights and  
‖푋 − 퐷푊‖ = ∑ ‖푟 ‖  . This is a hard optimization 
problem with respect to the pair of (D, W). In general most 
dictionary learning algorithms solve this problem by 
iteratively performing a two-stage procedure. Starting with an 
initial dictionary: 

1) keeping D fixed, find W (sparse coding stage) 
 

 푊( ) = argmin
,
‖푊‖ + 훾 푋 − 퐷( )푊  (4) 

2) keeping W fixed, find  D (dictionary update stage) 
 

 퐷( ) = argmin
,

푊( ) + 훾 푋 − 퐷푊( )  (5) 

Stage 1 is a sparse coding problem, with many algorithms 
proposed to perform it [6]. The main difference between 
dictionary learning algorithms is the dictionary update stage, 
in which the representation error of stage 1 is reduced. In 
equation (5) the problem is to minimize ‖푋 − 퐷푊‖  .  
Method of Optimal Directions (MOD) [7] is one of the 
simplest dictionary learning algorithms which firstly finds the 
unconstrained minimum of 푋 −퐷푊 ( )  and then 
projects the solution onto the set D. This leads to the following 
expression where D is updated in each iteration. 
 
 퐷 = (푋푊 )(푊푊 )  (6) 

At this point, there are two challenges. The First one is 
choosing the initial dictionary, D0; as the methods get stuck in 
the local minimum close to D0. The second is the number of 
training vectors, L. If it is small, there is the risk of 
overtraining, and if large, the execution time increases much. 
These problems are fixed by the RLS-DLA [1]. 
 

 RLS-DLA ALGORITHM 
An important advantage of RLS-DLA is that the 

dependence of the initial dictionary can be reduced simply by 
gradually forgetting it by using the forgetting factor λ. In the 
RLS-DLA algorithm a ‘time step’ i is introduced and the 
matrices 푋 = [푥 ,푥 ,… , 푥 ] of size 푁 × 푖, 	푊 =
[푤 ,푤 , … ,푤 ] of size 퐾 × 푖 and 퐶 = (푊푊 )  are defined. 
Using the equation (6) we have 퐷 = (푋 푊 )(푊푊 ) . In 
each step using the pervious dictionary	퐷 , a matching 
pursuit algorithm and the new training vector 푋  the 
corresponding weights 푤  are found. Dictionary updating rules 
using a matrix inversion lemma on 퐶  and applying the 
forgetting factor λ are as follows: 

 푢 = (휆 퐶 )푤   , 휆 ≤ 1 (7) 

 훼 =
1

1 + 푤 푢
 (8) 

 푟 = 푥 − 퐷 푤  (9) 

 퐶 = (휆 퐶 ) − 훼푢푢  (10) 

 퐷 = 퐷 +훼푟 푢  (11) 

Introducing an adaptive forgetting factor 휆 ≤ 1 in step i 
make the dictionary a lot less dependent on the initial 
dictionary as well as improving convergence properties [1]. 

The RLS-DLA is especially appropriate for large training 
data sets, e.g., images. For this purpose, the images are 
divided into non-overlapping patches (8×8 or 16×16 and ...) 
and each patch is changed into training vector. The first K 
vectors are used to make the initial dictionary and the initial Ci 
matrix. After initializing the dictionary, the weights wi are 
found by using the pervious dictionary 퐷  and a matching 
pursuit algorithms (like ORMP). As a stop criterion, the error 
approximation below a limit ε is used. This limit could be 
calculated based on a target PSNR at the initializing step of 
the dictionary learning algorithm. 

For avoiding blocking artifacts it is better to do the sparse 
representation with learnt dictionary in wavelet domain 
instead of using directly the pixel domain [4]. In the present 
work also we trained the dictionaries in wavelet domain. “Fig. 
1” represents part of an overcomplete dictionary learned from 
Image bases of wavelet domain from natural images.  



 

Fig. 1. Part of an overcomplete dictionary learned from image bases in 
wavelet domain (CDF 9/7 wavelet transform) from natural images. 

III. IMAGE COMPRESSION USING A TRAINED DICTIONARY 
After building an appropriate dictionary from the images, 

the dictionary can be used to make a sparse representation of 
the image in a compression scheme. This may be done in the 
following steps: 

1- Forming the vector set X by slicing the image into 
non-overlapping patches in size N×N (usually 8×8) in 
directly pixel domain or wavelet domain. In this work 
a three level dyadic CDF 9/7 wavelet is applied.  
Quantizing and compressing the DC components is 
done separately, using DPCM or CALIC [8]. 

2- Finding the sparse weights matrix using a sparse 
approximation of X and the dictionary D, with the 
representation error ε for the stopping criterion. The 
parameter ε is found from a given target PSNR. 

3- Quantizing the non-zero weights. Quantization 
removes information (accuracy) from the numbers and 
thus introduces error during reconstruction that 
decreases the image PSNR. In this work we used a 
uniform quantization. 

4- Entropy coding of the quantized weights. The 
quantized W matrix is entropy coded, e.g., Huffman, 
and stored in a file. 

IV. THE PROPOSED METHOD 
Generally, algorithms proposed for image compression 

using sparse representation use just one dictionary and are 
much complicated with long calculation times. “Fig. 2” 
represents the block diagram of the proposed system for facial 
image compression. This scheme consists of three parts: 
Encoding, Training and Decoding. At the encoding stage a 
given image is compressed using the method described in 
section III (the details in the next section). At the training part, 
multiple dictionaries are built with different target PSNRs 
(different stop criterions, ε) using the RLS-DLA dictionary 
learning algorithm, from the facial images. Using a decision 
algorithm a dictionary is selected for the best image 
compression quality in both encoding and decoding stage. At 
the decoding part the compressed data is used to reconstruct 
the compressed image. 

Our experimental results revealed that the compression of 
a class of images using a learned dictionary built by the RLS-

DLA algorithm outperforms the JPEG2000 in some specific 
target PSNR intervals, but not for all PSNRs. Therefore, our 
dictionary selecting is based on the target PSNR (or stop 
criterion) that dictionary has been trained with, and the desired 
PSNR of the compressed image; proportional to the image 
compression rate (in terms of bits per pixel, bpp). The 
dictionary selection block in “Fig. 2” compares the dictionary 
target PSNR and desired image reconstruction PSNR using the 
following inequality: 

 퐷푖푐. 푇푎푟푔푒푡푃푆푁푅 − 5 < 	퐷푒푠푖푟푒푑퐶표푚푝푟푒푠푠푖표푛푃푆푁푅
≤ 	퐷푖푐. 푇푎푟푔푒푡푃푆푁푅 (12) 

A trained dictionary which fulfills the above relation is chosen 
for the compression, i.e., determining the W sparse 
representing weight vector. Since typical values for the PSNR 
in lossy compression of facial images for the compression rate 
of 0.1 to 2.0 bpp are between 35 and 55 dB, three dictionaries 
found to be enough for the proposed system; not to make the 
scheme more complex. Facial image compression for the 
compression rate below 0.1 bpp is not considered because the 
image is almost destroyed there and the face is not detectable. 
Note that the trained dictionaries are not included in the 
compressed data, as it is supposed to exist both in the 
encoding and decoding systems in common, as an internal part 
of the compression scheme. 

V. EXPERIMENTAL RESULTS 
The proposed method was implemented using MATLAB 

2015a in a Windows 7 operating system, 8GB RAM, 
2.0 GHZ CPU. For all algorithms, ORMP were used as the 
sparse coding algorithm and the RLS-DLA as the dictionary 
learning algorithm1. We used the frontal face images from FEI 
face database2 as training and also testing image samples. The 
training images are shown in “Fig. 3”. Here we used just 8 
images of size 640×480 pixels to train dictionaries. Naturally, 
applying more images leads to more effective dictionary 
atoms; improving the results at the cost of training time. Each 
dictionary contains 440 patches of size 8×8 pixels as atoms. 
We built three dictionaries with target PSNRs 55, 50 and 45 
dB. 1000 iterations of the training algorithm were applied, 
with the processing time of 399.1, 315.6 and 135.7 in minutes 
respectively, for learning the dictionaries. For building each 
dictionary, 3000 patches were picked from each image 
randomly; so 24000 training vectors, totally. For better results 
the dictionaries were learned in wavelet domain (sec III-1). 

We did the compression on two test images, using ORMP 
for sparse coding. Also JPEG and JPEG2000 compression 
were done on the two test images. The entropy coding we used 
was the simple Huffman coding. The entropy coding in 
JPEG2000 is based on EBCOT scheme that is much more 
advanced and complicated [9]. “Fig. 4” shows the quality of 
the reconstructed images obtained using different algorithms 
with same bit rates. 

                                                        
1 For sparse coding and compressing algorithms we have used the 
DICTIONARY LEARNING TOOLS and ICTOOLS available at 
http://www.ux.uis.no/~karlsk/dle/index.html#ssec61 
And http://www.ux.uis.no/~karlsk/ICTools/ictools.html 
2 The FEI Face database is available at 
http://fei.edu.br/~cet/facedatabase.html 

 



Fig. 2. Block diagram of the proposed method. 

From the reconstructed images, it is observed that the 
algorithm achieves better visual recovery results. Compression 
results using the proposed method and JEPG and JPEG2000 
on two test images are shown in “Tab. 1” and “Tab. 2”. 

TABLE I.  IMAGE COMPRESSION RESULTS ON TEST IMAGE1 PSNR (푑퐵) 

Compression 
Method 

Bit Rate 
0.25 0.50 0.75 1.00 1.25 1.50 1.75 2.00 

Proposed 
Method 

44.41 46.87 48.36 49.68 50.91 52.06 53.15 54.20 

JPEG2000 44.20 46.25 47.73 48.97 49.90 50.91 51.96 53.03 

JPEG 41.95 44.34 46.12 47.39 48.25 48.73 49.64 51.14 

TABLE II.  IMAGE COMPRESSION  RESULTS ON TEST IMAGE 2 PSNR (푑퐵) 

Compression 
Method 

Bit Rate 
0.25 0.50 0.75 1.00 1.25 1.50 1.75 2.00 

Proposed 
Method 

42.30 44.72 46.53 47.95 49.14 50.48 51.58 52.67 

JPEG2000 41.99 44.46 46.03 47.54 48.86 49.81 50.83 51.97 

JPEG 39.47 42.40 44.08 45.72 46.35 47.33 47.91 49.00 

 

VI. CONCLUSION 
In this paper a new image compression method for facial 

images was proposed using multiple dictionaries. We trained 
dictionaries using the RLS-DLA using three different target 
PSNRs. The experimental results showed that the method 
outperforms about 0.5 to 1.2 dB the JPEG2000 in terms of the 
reconstruction quality, PSNR. By using better entropy coding 
schemes and applying more training images for dictionary 
learning, the results can improve even further. The proposed 
scheme could be used not only for facial images but also for 
compressing any class of images or databases with the same 
main subject. 
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Fig. 3. The training images of size 640×480 pixel. 

 
Fig. 4. Two test images compressed at 0.25 bpp: Image1, top and Image2, 
down. From left to right: original, proposed method, JPEG2000 and JEPG. 


