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Abstract: Recognition of people by means of their biometric characteristics is very popular among the society.
There are various biometric techniques including fingerprint recognition, face recognition and eye detection
that are used for the privacy and security purposes in different applications. Among all these techniques,
fingerprint recognition has gain more popularity for personal identification due to its unique structure. Large
volumes of fingerprint are collected and stored every day in a wide range of applications. Therefore,
compression of these data become very important under specific circumstances due to this large amount of data
involved. The requirement for this huge amount of memory is need to be reduced for the purpose of efficiency.
Fingerprint image compression is a key technique to solve this problem. The various techniques have been
proposed in the past for efficient fingerprint compression. This paper extends the sparse representation
approach of fingerprint compression by performing enhancement with DWT along with thinning and
binarization at pre-processing stage. The proposed approach can work for both high and low intensity sensors.

Key words: Biometric characteristics  Fingerprint compression  Discrete Wavelet transformation  Sparse
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INTRODUCTION compression techniques. In lossy compression

Biometric recognition has become  very  popular another, quantize and then encode its coefficients. The
since the biometric characteristics cannot be shared and most common techniques for transformation of images
these intrinsically represent the body identity. Among include Discrete Cosine Transform (DCT) and Discrete
several biometric  recognition  technologies, fingerprint Wavelet Transform (DWT). In this paper, the
identification is most common and powerful technique. compression technique use sparse representation for
Large volumes of fingerprint are collected and stored efficient compression of fingerprints.  This  approach
every day in a wide range of applications including makes use of dictionary under  which  patches  of  image
forensics  and  access control. It has been observed that are  classified and the pre-processing  stage   include
the FBI fingerprint card archive size is increasing enhancement  using DWT before thinning and
drastically. It was found to be 200 million in 1995 and was binarization. This paper comprised as follows: Section II
increasing at the rate of 30,000 to 50,000 new cards per discuss the related work in this field, section III describe
day [1]. This size of data consumes a large amount of the fingerprint compression based on sparse
memory. Fingerprint image compression is a key representation, section IV describes the proposed work,
technique to solve this problem. Compression section V discusses the experimental details and section
technologies are categorized into two types namely lossy VI conclude the proposed work.
compression techniques and lossless compression
techniques. In lossless compression, exact  original Literature Survey: Compression technologies are
images can be reconstructed from the compressed data. categorized into two types namely lossy compression
But it limits the compression efficiency as distortion techniques and lossless compression techniques. In
needs to be avoided. The applications where image lossless compression, exact original images can be
compression allows slight distortion, lossless reconstructed from the compressed data. But it limits the
technologies are used in the output coefficients of lossy compression  efficiency as distortion needs to be avoided.

techniques, an image is transformed from one domain to
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Fig. 1: JPEG2000 compression

The applications where image compression allows slight Contourlet Transform consists of two major phases
distortion, lossless technologies are used in the output
coefficients of lossy compression techniques. In lossy
compression techniques, an image is transformed from
one domain to another, quantize and then encode its
coefficients. The most common techniques for
transformation of images include Discrete Cosine
Transform (DCT) and Discrete Wavelet Transform (DWT)
[6]. Discrete Cosine Transformation has been used in
JPEG  [7].  DCT  based  encoder  compress the given
image by partitioning the full image into 8*8 small blocks.
DCT converts the information contained in these blocks
of pixels from spatial domain to the frequency domain.
Based on the applications, 1-D and 2-D DCT are
performed on the images. JPEG compression has many
advantages like simplicity, availability and universality.
But  its  performance degrades at low bit rates due to
block-wise approach.

To overcome the limitations present in the JPEG
format, JPEG-2000 was proposed with the Discrete
Wavelet Transform (DWT) [10]. A multi resolution image
representation is inherent to DWT along with full frame
transformation  unlike  block-wise  approach   of  DCT.
This full frame nature of transformation décor relates the
images across a large scale and eliminates blocking
artifacts at high compression ratio. DWT filters have been
used in JPEG 2000 that allows support for both lossy and
lossless compression within a single compressed bit
stream. Therefore, improving the compression efficiency
at low bit rates. Both JPEG and JPEG 2000 are similar
except the different approaches used for the
transformations as shown in the Fig. 1, for JPEG DCT is
used instead of DWT.

Several other algorithms that use DWT includes set
partitioning in hierarchical trees (SPIHT) algorithms [11].
These  algorithms are basically used for general images.
In most Automatic Fingerprint identification System
(AFIS), the main feature used to match two fingerprint
images are minutiae (ridges endings and bifurcations).
Specifically for fingerprint images, there are many other
special  compression  algorithms   such   as  wavelet
Scalar Quantization (WSQ), Contourlet Transform (CT).
WSQ  technique  is  a  lossy  compression technique
which is basically used for grey scale fingerprint images
[12].

that are sub band decomposition and the directional
transform [13]. The first phase uses the Laplacian Pyramid
(LP) and the second phase makes use of the directional
filter banks (DFB). Quincunxes are the building blocks of
DFB. The Contourlet expansions are defined on
rectangular grids and therefore, offer a seamless
translation. CT has fast filter bank algorithms and
convenient tree structure. The Contourlet construction
provides a space-domain multiresolution scheme that
offers the flexible refinements for the spatial resolution
and the angular resolution.

Both these algorithms have limitations that they are
without the availability of learning. A novel approach
based on the sparse representation has been proposed
[15]. This process is as follows: firstly a base matrix is
constructed whose columns called as atoms represent the
features of fingerprint image. Then, the complete
fingerprint is divided into small blocks called as patches.
The number of pixels in each patch is equal to the
dimension of the atoms. Then, the sparse representation
is used to obtain the coefficients. In the next step, these
coefficients are quantized and at last, coefficients and
other related information are encoded with lossless
encoding methods. The performance of compression
algorithms is restricted to Peak Signal to Noise Ratio
(PSNR) computation.

There are several other algorithms for fingerprint
image compression. Class adapted image compression
using independent component analysis exploit the data
dependent nature of the independent component analysis
[16]. In paper [17], the authors proposed a general
classification algorithm for object recognition based on a
sparse representation computed by l1-minimization. The
sparse representation based algorithm has better
performance than other algorithms such as nearest
neighbour, nearest subspace and linear SVM. The main
feature of these methods is the use of dictionaries [18]
[19]. Sparse representation has been used in face
recognition. The features of learned dictionary include
moderate size and a good sparse approximation of the
images. A usual setup for the dictionary learning problem
begins with the access to a training set and the aim is to
find both a dictionary and a corresponding coefficient set.
The dictionary learning problem comes under an
optimization problem [20].
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Fingerprint Compression Based on Sparse Encode atoms, mean value of each patch
Representation: The sparse representation methods for Quantize and ecvode the obtained Cofficients
image compression are specifically used for fingerprint Ouput the compressed stream
image compression; these are not efficient for general
images. The main reason for this is that general images are Experimental Setup: This section explains the
rich in contents thus, there is no proper dictionary experimental details of the proposed work. The proposed
construction therefore and the image cannot be algorithm is implemented using MATLAB 2013a. 
represented sparsely. Sparse representation has been The first step involves the pre-processing of the
used in face recognition. Dictionary Learning is the task image that involve feature extraction and perform thinning
of learning or training a dictionary such that it is well and binarization on the input fingerprint image. In the next
adapted to its purpose that includes the sparse step, DWT is performed on the pre-processed image that
representation of a class of signals. The process of output an image consisting of four sections: 1) Original
compression that is using sparse representation must fingerprint  image  2) high-pass filtered, downscaled 3)
impose sparse representation on entropy coding of the low-pass filtered, up-scaled 4) low-pass filtered,
quantized coefficients and their positions. Therefore, the downscaled. In the next step, obtained fingerprint image
features of learned dictionary include moderate size and is sliced into equal-size patches. Then these patches are
a good sparse approximation of the images. A usual setup used to create dictionary and sparse representation is
for the dictionary learning problem begins with the access performed to obtain the coefficients. Then these obtained
to a training set and the aim is to find both a dictionary coefficients are quantized and encoded in the same step.
and a corresponding coefficient set. The dictionary In the next step, Inverse DWT is performed to reconstruct
learning problem comes under an optimization problem. the image from the sub-bands. Then the compressed
RLS-DLA algorithm follows this type of dictionary image is stored in the database and matched with the
learning approach. original image to check for the distortion of extracted

In this method, for a given fingerprint, slice it into features.
small patches. For each patch its mean is calculated and The experimental results show that the extracted
subtracted from the patch. For each patch solve the features of the fingerprint image is preserved after
minimization problem by those coefficients whose compression.  Therefore,  the  technique  is successful.
absolute value are less than a given threshold are treated The various images were compressed to check the
as zero. Record the remaining coefficients and their efficiency of the algorithm which ended with positive
locations. Encode the atom number of each patch, the results. Also, the algorithm works for both high and low
mean value of each patch and the indexes, quantize and intensity sensor image because of the pre-processing of
encode the coefficients. Output the compressed stream. the image done before compression. 

Proposed Work: This paper extends the sparse shown below:
representation approach of fingerprint compression by
performing enhancement with DWT along with thinning CONCLUSION
and binarization at pre-processing stage. This approach
can work for both high and low intensity sensors. The The proposed work provides algorithm for fingerprint
modified algorithm is as follows: image compression which is based on sparse

Perform Thinning and Binarization compression ratio. The main difficulty while designing
Perform DWT for enhancement algorithm for compression of fingerprint is the need for
Set a threshold. Coefficients having value less than preserving the minutiae which is used for identification.
threshold are treated as zero The experimental results shown in the paper ensure the
Slice the fingerprint image into equal size patches preservation of minutiae during compression and
Foeeach patch, mean is calculated and subtracted reconstruction. The use of DWT in the pre-processing
from the patch stage ensures the simplicity of the approach based on
Foreach patch calculate the coefficients by solving sparse representation. Also, for the better compression
minimization problem results, larger number of training set is required. That is,
Record the Non-zero coefficients along with their more the number of training set, better is the compression
locations results.

The simulation results of proposed algorithms are

representation. The algorithm also works for high image
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Fig. 2: Taking input image

Fig. 3: Pre-processing of the input image
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Fig. 4: Performing DWT on pre-processed fingerprint image

Fig. 5: Performing sparse representation
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Fig. 6: Performing IDWT (Reconstruction of the image)

Fig. 7: Store the reconstructed fingerprint image
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Fig. 8: Training the current image

Fig. 9: Recognition of the fingerprint image
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