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Abstract: This paper briefly introduces two classic algorithms for fingerprint image
processing, which include the soft threshold denoise algorithm of wavelet domain based on
wavelet domain and the fingerprint image enhancement algorithm based on Gabor function.
Contourlet transform has good texture sensitivity and can be used for the segmentation
enforcement of the fingerprint image. The method proposed in this paper has attained the
final fingerprint segmentation image through utilizing a modified denoising for a high-
frequency coefficient after Contourlet decomposition, highlighting the fingerprint ridge line
through modulus maxima detection and finally connecting the broken fingerprint line using a
value filter in direction. It can attain richer direction information than the method based on
wavelet transform and Gabor function and can make the positioning of detailed features
more accurate. However, its ridge should be more coherent. Experiments have shown that
this algorithm is obviously superior in fingerprint features detection.
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Introduction

Image segmentation is the basis of image understanding, analysis and recognition. The effect
of image segmentation directly affects the performance of subsequent image processing, thus
making it a key issue in the field of image processing. However, making image segmentation
on multi-scale with adoption of wavelet transform can attain corresponding segmentation of
an image at each scale, but two-dimensional separable wavelet is formed by one-dimensional
wavelet. Its primary function is isotropic and has only limited direction, which can only detect
the point singularity, but cannot effectively detect the line singularity and surface singularity
in a two-dimensional image [10].

Contourlet transform is a “real” image two-dimensional expression method, which has
attained extensive attention from an increasing number of scholars and achieved very good
effects in each facet in the field of image processing [11, 12]. Contourlet transform has multi-
resolution time-frequency analysis features of wavelet transform, as well as a flexible multi-
directional and anisotropic scaling relationship [20]. Compared with the wavelet transform
method, Contourlet transform technology can set various direction numbers in the directional
filter bank at each layer, and therefore can capture more directional information [1, 15].
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Materials and methods

Contourlet transform is realized by Laplacian Pyramid and directional filter, which has multi-
resolution time-frequency analysis features of wavelet transform, as well a as high multi-
directional and anisotropic scaling relationship [4]. Compared with the wavelet transform
method, Contourlet can set the direction number in the directional filter bank at each layer,
and therefore can capture more direction information [17]. Theoretically speaking, Contourlet
transform is more suitable for fingerprint image processing and can achieve a better effect
[6, 16]. This paper has established a new fingerprint image segmentation method through a
high frequency sub-band adaptive correction factor after fingerprint image Contourlet change
and detected module maximum, while at the same time, connecting the broken fingerprint
ridge line by adopting block directional information [5]. Experiments have found that this
method is superior in details extraction of a fingerprint image and has practical value [22].
The algorithm flow chart is as shown in Fig. 1.
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Fig. 1 Fingerprint image segmentation based on Contourlet transform process

Orientation estimation

Because a fingerprint ridge has fixed directional information, the calculation at fingerprint
ridge direction is essential to fingerprint image processing [18]. To decrease the complexity of
calculation, this paper calculates direction through a local fingerprint image. The fingerprint
image is divided into blocks of the same size. The size of block is determined by the
fingerprint direction within the block, thus ensuring that the fingerprint direction of each
block is single [8]. Meanwhile, the fingerprint direction is quantized into eight blocks, as
shown in Fig. 2.

Based on the above description, the gradient direction of the fingerprint ridge line is assumed
to be the minimum, then the direction of each block can be calculated based on the following
steps:

(1) Divide the fingerprint image into the block whose size is TxT, and select T as 8 or 16.

(2) Calculate the gradient of each pixel point in eight directions within each block by using
the Sobel algorithm; indicates eight directions [7].

(3) Calculate the sum of the gradient of each pixel point in eight directions within each
block. Regard the gradient and minimum direction as the fingerprint ridge direction of this
block.

The above steps can determine that the direction of the fingerprint ridge can be calculated
based on the following formula:
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in which, W is a sub-block image.

The direction of each block of the fingerprint image can be attained based on above steps.

Fig. 2 Direction quantitative figure

Non-subsampled Contourlet transform (NSCT)

Because down sampling treatment in Contourlet transform will reduce the resolution of the
image, for the 16x16 blocks in this paper, the continuous decreasing of resolution will cause
difficulty to the subsequent treatment [3]. Therefore, this paper adopts NSCT. When using
NSCT, all the pixel points in the sub-generation image are matched one-to-one, and the pixel
points in the sub-generation image and the original image are the same at the time domain
position. The process of NSCT is as shown in Fig. 3.
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Fig. 3 Sub-band equivalent gradient directions

Contourlet coefficient and fingerprint image

In observing a fingerprint image, it is obvious that the fingerprint has direction, which means
that fingerprint ridge has a geometric structure while noise does not. Based on above
observation, we find that it is similar to the wavelet decomposition coefficient; the smooth
region of the image corresponds to the non-significant coefficient with a small value, while
the local features of the image, such as the ridge, corresponds to the significant coefficient
with a larger amount of data [13]. Compared with wavelet coefficient, the more outstanding
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characteristic of Contourlet coefficient is: for specific directions of sub-band, only the image
in the certain direction will have significant coefficients

Because all the Contouriet coefficients in the sub-band correspond to the original image pixels
position, the ridge information at each direction in the fingerprint image distributes in the
high-frequency sub-band coefficient after transform. Therefore, the geometric feature of each
pixel can be easily attained through the Contourlet sub-band coefficient [2].

High-frequency sub-band coefficients can be divided into three categories, which include the
strong edge coefficient, the weak edge coefficient and the interference coefficient [9, 19, 21].
Under the same scale, the strong edge coefficient nearly presents a large mode value in all
corresponding positions of the sub-bands; the weak edge coefficient only presents a large
mode value in some sub-bands of specific directions and the mode value at the corresponding
position at other directions are small, while for interference value, the corresponding mode
value in sub-bands of all directions is small.

The coefficient modulus of each pixel at each direction can be calculated based on this, and its
mean value and max values are calculated. The category of the sub-band coefficient can be
distinguished through setting a suitable threshold value Co , which includes the strong edge
coefficient, the weak edge coefficient and the noise coefficient.

strong edge, if mean>co
weak edge, if mean <co, max > co (2)
noise, if mean <co, max <co

in which, max is the max coefficient mode value within filtering window (2M + 1)x(2N + ).
In this paper, because the fingerprint ridge width is about five pixels, the values of M and N
are set at 5, while the mean value can be calculated based on following formula:

1 i+M j+N

A= oM 1) (2N +1)m_iMn;N'(m’ ) -
1 i+M  j+N ,

o= oM )N +1)m_zi_:M n_Zj;N(I (m, n)—mean(m, n)) @

Therefore, the Contourlet coefficient can be corrected through Eq. (4) based on the
classification of each pixel, and thus strengthening the weak edge and restricting noise.

X, strong edge pixels
0.5
co .
y(Xx) =14 max {(W) , 1} X, weak edge pixels (5)
0, noise pixels

in which, x is the original Contourlet coefficient. Through the above steps, the strong edge
coefficient is retained and the weak edge coefficient is enlarged, and the interference
coefficient is set at 0.
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It needs to be noted that adaptive filtering window is made along the block fingerprint
direction of the above calculation.

Modulus maxima detection

Modulus maxima detection extracts a high-efficiency coefficient through check modulus
maxima, outline the fingerprint ridge and attain a complete high-frequency fingerprint image
through the method modulus maxima detection [22].

The traditional modulus maxima detection method based on wavelet needs to calculate the
phase angle of the modulus to confirm the direction of the curve gradient, while the filter bank
of Contourlet transform cannot be separated. Its coefficient of sub-band at each direction
already includes adequate directional information that is specific directional sub-band,
including modulus maxima at a specific direction. Therefore, it can simplify the calculation of
Contourlet transform modulus maxima.

It can be judged if one point Coeffsi"k(n) in the sub-band coefficient at one direction is

modulus maxima point by i grade sub-band equivalent gradient decomposition, and the
direction number of decomposition of each grade is eight, as an example (other situations are
similar). In Fig. 4, parameter n divided by the j grade decomposition is the pixel coordinates

of the sub-band at k direction. Fig. 4 shows that each Coeffs;, (n) in directional sub-band, can
be used to be the equivalent gradient direction of the edge along ArgCoeffs/, (n) direction.
Then, compare the modulus of two adjacent elements at equivalent gradient directions
corresponding to mod [Coeﬂ‘si"k (n)] and ArgCoeffs;, (n), and confirm if the modulus at this
point is local maximum. That is:

0,  mod] Coeffs;, (n,,n, ) | < mod| Coeffs, (n, =1, (n,),n, =1, (n, )]
mod| Coeffs, (n;,n,)|=40,  mod] Coeffs, (n,,n, ) ] < mod| Coeffs;, (n, -1, (n,),n, -1, (n,))] ~ (6)
mod| Coeffs, (n,,n, )], otherwise

First, the coefficient modulus maxima detection is made for sub-band at each direction of
each scale, and then the suitable threshold treatment for modulus maxima matrix is made, and
finally Contourlet inverse transform is made for the processed coefficient matrix; at this
moment, fingerprint segmentation image can be attained after binarization treatments.

Directional median filter

A high-frequency fingerprint image presents more detailed features but the ridge has poor
continuity. To connect the discontinuity phenomenon of the ridge after high-frequency
treatment, a directional median filter has been adopted in this paper. When median filter
treatment is made for one pixel point I(i, j), it can be found that:

Y (i, JW) =median(1_y, ... 1, oo b ) (7)

" Tk, 4L

where W is the median filter window whose size can be adjusted.
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Fig. 4 Eight direction median filtering window templates
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In fingerprint image processing, it is difficult for a standard median filter to produce an
obvious effect, because the fingerprint image has unique line features, with direction slowly
and smoothly changing. However, the pixels between broken ridge lines can be regarded as
impulse noise, so the median filter with the same filtering direction and ridge direction can
reduce the interference effectively; that is, to connect the broken fingerprint ridge line.
To make the median filter direction cooperate with the ridge direction of the fingerprint, the
shape of filter window can be changed. Based on the eight directions set shown in Fig. 4, the
shape of the corresponding median filter window is as shown in Fig. 4(5).

The median filter window is set at 3x7 based on the fact that the width of broken fingerprint
line is about 3 pixel points and the length is about 5-7 pixel points.

Results and discussion

This experiment conducts a simulation under Matlab 7.6 environment and adopts a gray level
fingerprint image as the experimental image. The algorithm in this paper makes two grades
Contourlet transform for the fingerprint image, the number of sub-bands at high-frequency
level is eight, LP decomposition and DFB decomposition adopt 9-7 filter and PKVA filter
respectively.

To verify the effectiveness of this algorithm, it is compared with the soft-threshold value
algorithm based on wavelet as well as the fingerprint enforcement algorithm based on Gabor
filter [14]. Wavelet transform adopts db4 wavelet base and makes two-layer decomposition.
The blocking size of Gabor filter is 16x16. The comparison results are as shown in Figs. 7, 8
and 9.
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Fig. 5 Comparison 1 of different fingerprint processing algorithm

The above demonstrates that the wavelet algorithm can detect the fingerprint information
more accurately. It partially removes interference and improves the quality of fingerprint
image. However, the fingerprint ridge line after processing is does not have good continuity,
and it also partially loses some useful information in the fingerprint image denoising process.
Therefore, the overall improvement effect is not obvious. Gabor filtering will produce
additional noise at particular direction, which makes the fingerprint image only able to be
effectively strengthened at some parts while producing extra noise at other parts. The
algorithm in this paper can effectively reduce noise, and the fingerprint ridge line has good
continuity.

To further verify the effectiveness of this algorithm, binarization and refinement are utilized
to make feature detection for this algorithm, and wavelet soft closed value shareholding
algorithm is used as well as the fingerprint image after filtering treatment. Fig. 5 are
fingerprint images after linearization. Figs. 6, 7 and 8 are images for refinement and feature
detection.

Careful observation of the above detected features reveals that compared with the other two
methods, fingerprint image segmentation algorithm based on Contourlet decomposition
proposed in this paper has more accurate positioning for detailed features of the fingerprint
image, the detected pseudo features are less and the overall effect is good.

The spectral fingerprint image at the optimal spectrum is processed using the fingerprint

image segmentation algorithm based on Contourlet and the segmentation image is shown in
Fig. 9. Its binary image after simple treatment and binarization is shown in Fig. 10.
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Fig. 7 Comparison 3 of different fingerprint processing algorithm
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Fig. 9 Differences algorithm comparison of fingerprint binarization processing
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Fig. 10 Differences algorithm comparison 3 of in fingerprint binarization processing

Conclusion

This paper has made a brief introduction of two classic algorithms for fingerprint image
processing, which include the soft closed value denoising algorithm based on wavelet domain
and the fingerprint image enhancement algorithm based on Gabor function, and it has pointed
out their features through theoretical analysis and deduction.

Contourlet transform has good texture sensitivity and can be used for the segmentation
enforcement for fingerprint images. The method proposed in this paper has attained the final
fingerprint segmentation image through utilizing a modified denoising for high-frequency
coefficient after Contourlet transform, highlighting the fingerprint ridge line through modulus
maxima detection and finally connecting the broken fingerprint line using a value filter in
direction. It can attain richer direction information than the method based on wavelet
transform and Gabor function and make the positioning of detailed features more accurate.
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However, its ridge should be more coherent. Experiments have shown that this algorithm is
obviously superior in fingerprint feature detection.
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