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Abstract - Now days due to the increase in security
requirements, biometric systems have been commonly
utilized in many recognition applications. Multimodal has
great demands to overcome the issue involved in single trait
system and it has become one of the most important resear ch
areas of pattern recognition. We present multimodal face and
fingerprint biometric verification system to improve the
performance. We presented fusion of face and fingerprint to
provide better accuracy. Simulation results shows that
proposed multimodal recognition system is very efficient to
reducethe false accept rate.

Here we can take two images i.e. face and fingerprint of a
person, decomposition of imagesis carried out by using DWT
i.e. Discrete Wavelet Transform which gives better results ,
after decomposition , fusion of decomposition is carried out
based on averaging of pixels which produces a fused image.
Then SIFT (Scale Invariant Feature Transform), featuresare
extracted from the fused image that are invariant to image
rotation, scaling, trandation, partly illumination. After
extracting SIFT features matching is performed based on
Euclidean distance.
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|.INTRODUCTION

In recent years, biometric-based authentication systems
have been widely used in many applications which require
reliable verification/identification scheme.

Several biometric authentication traits are offering ‘up-
to the-mark’ and negotiable performance in respect of
recognizing and identifying users. However, none of the
biometrics is giving cent percent accuracy. Multibiometric
systems [1] remove some of the drawbacks of the uni-
modal biometric systems by acquiring multiple sources of
information together in an augmented group, which has
richer detail. Utilization of these biometric systems
depends on more than one physiological or behavioral
characteristic  for  enrollment and  verification/
identification [2]. Multi-resolution approach in wavelet is
well suited to manage the different image resolutions.
Many research works have studied on multi-resolution
representation of signals and have established that multi-
resolution information for a number of image processing
applications including the image fusion. Wavelet
coefficients coming from different images can be
appropriately combined to obtain new coefficients, so that
the information in source images is collected
appropriately. The discrete wavelet transform (DWT)
allows the image decomposition in different kinds of
coefficients preserving the image information. A wavelet-
based image fusion method is therefore required to
identify the most important information in the input
images and to transfer it into the fused image.

A multisensor multimodal biometric system fuses
information at low level or sensor level of processing is
expected to produce more accurate results than the
systems that integrate information at a later stages,
namely, feature level, matching score level, because of the
availability of more richer and relevant information.

Il. BRIEF LITERATURE REVIEW

Different multimodal biometrics has been developed
with combination of various trait, that is, face and finger
print, face and iris, iris and finger print etc. The most
commonly used biometrics is face, that is, either as a
single trait or combined with other trait as multimodal
biometrics. Face combined with other biometrics at
different level of fusion, that is, feature, score and decision
(Ross and Jain, 2003). Chandran et al. (2009) presented
iris and finger print multimodal biometrics to improve the
performance. They presented multimodal biometrics using
two lip texture, lip motion and audio and they performed
the fusion by reliability weighting summation. Brunelli
and Falavigna (2005) presented multimodal face and voice
for identification. Kumar et al.(2007) presented
multimodal personal verification system using hand
images by combining hand geometry and palm image.
Directional convolution masks are used to extract the palm
futures from normalized palm image, whereas, finger
length and width is extracted for hand geometry palm and
finaly, different level of fusion is performed.

The development of image matching by using a set of
local interest points can be traced back to the work of
Moravec (1981) on stereo matching using a corner
detector. The Moravec detector was improved by Harris
and Stephens (1988) to make it more repeatable under
small image variations and near edges. Harris also showed
its value for efficient motion tracking and 3D structure
from motion recovery (Harris, 1992), and the Harris
corner detector has since been widely used for many other
image matching tasks. While these feature detectors are
usually called corner detectors, they are not selecting just
corners, but rather any image location that has large
gradients in al directions at a predetermined scale. The
Harris corner detector is very sensitive to changes in
image scale, so it does not provide a good basis for
matching images of different sizes. Earlier work by the
author (Lowe, 1999) extended the local feature approach
to achieve scale invariance. This work also described a
new local descriptor that provided more distinctive
features while being less sensitive to local image
distortions such as 3D viewpoint change.
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Il. WAVELET DECOMPOSITION FOR IMAGES

This process basically takes two images of face and
finger after taking images wavelet decomposition is
performed on both images followed by a fusion [6] of
decomposition of two images which produces fused image
of low resolution. It has the capability to provide good
localization for both frequencies and space domains. The
wavelet based image fusion would be applied to two
dimensional multispectral face and fingerprint at each
level.

Tora
Fig. 1.Face ) Fig. 2.Fi ngerpri'r'lt

Fig.3. Fused Image
IV.SCALE INVARIANT FEATURE TRANSFORM

The scale invariant feature transform, called SIFT [3]
descriptor, has been proposed by and proved to be
invariant to image rotation, scaling, trandlation, partly
illumination changes. Following are the major stages of
computation used to generate the set of image features
3.1. Scale space extrema detection:

The first stage of keypoint detection is to identify
locations and scales that can be repeatably assigned under
differing views of the same object. Detecting locations that
are invariant to scale change of the image can be
accomplished by searching for stable features across all
possible scales, using a continuous function of scale
known as scale space. It is implemented efficiently by
using a difference-of-Gaussian function to identify
potential interest points that are invariant to scale and
orientation. To efficiently detect stable keypoint locations
in scale space, we have proposed using scale-space
extrema in the difference-of-Gaussian function convolved
with the image, D(X, y, 6), which can be computed from
the difference of two nearby scales separated by a constant
multiplicative factor k.

3.2. Keypoint localization:

In order to detect the local maxima and minima of D(X,
Yy, 0), each sample point is compared to its eight neighbors
in the current image and nine neighbors in the scale above
and below. It is selected only if it is larger than all of these
neighbors or smaller than all of them. The cost of this
check is reasonably low due to the fact that most sample
points will be eliminated following the first few checks.
Once a keypoint candidate has been found by comparing a
pixel to its neighbors, the next step is to perform a detailed
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fit to the nearby data for location, scale, and ratio of
principal curvatures. This information allows points to be
rejected that have low contrast or are poorly localized
aong an edge. At each candidate location, a detailed
model isfit to determine location and scale. Keypoints are
selected based on measures of their stability.

3.3. Orientation assignment:

By assigning a consistent orientation to each keypoint
based on local image properties, the keypoint descriptor
can be represented relative to this orientation and therefore
achieve invariance to image rotation. The scale of the
keypoaint is used to select the Gaussian smoothed image, L,
with the closest scale, so that all computations are
performed in a scale-invariant manner. For each image
sample, L(X, y), at this scale, the gradient magnitude, m(x,
y), and orientation, 8 (X, y), is precomputed using pixel
differences:

m(z,y) = \/(L(.T +1y) - Lz - 1Ly)*+ (Lz,y +1) - Liz,y - 1))

B(z,y) = tan™ (L(z,y +1) - L{z,y - 1)/(L(z + 1,y) - L(z - 1,y))

An orientation histogram is formed from the gradient
orientations of sample points within a region around the
keypoint. Peaks in the orientation histogram correspond to
dominant directions of local gradients. The highest peak in
the histogram is detected, and then any other local peak
that is within 80% of the highest peak is used to also
create a keypoint with that orientation. one or more
orientations are assigned to each keypoint location based
on local image gradient directions. All future operations
are performed on image data that has been transformed
relative to the assigned orientation, scale, and location for
each feature, thereby providing invariance to these
transformations.

3.4. Keypoint descriptor:

The local image gradients are measured at the selected
scale in the region around each keypoint. These are
transformed into a representation that alows for
significant levels of local shape distortion and change in
illumination. This approach has been named the Scale
Invariant Feature Transform (SIFT), as it transforms
image data into scale invariant coordinates relative to local
features. An important aspect of this approach is that it
generates large numbers of features that densely cover the
image over the full range of scales and locations.

In this paper only the keypoint descriptor information is
taken from image but before this fused image is
normalized by histogram equalization, after invariant SIFT
features are extracted from the fused image. For image
matching and recognition, SIFT features are first extracted
from a set of reference images and stored in a database.

A new image is matched by individually comparing
each feature from the new image to this previous database
and finding candidate matching features based on their
feature vectors. The keypoint descriptors are highly
digtinctive, which allows a single feature to find its correct
match with good probability in a large database of
features. However, in a cluttered image, many features
from the background will not have any correct match in
the database, giving rise to many false matches in addition
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to the correct ones. The correct matches can be filtered
from the full set of matches by identifying subsets of
Keypoints that agree on the object and its location, scale,
and orientation in the new image. SIFT features extracted
on the fused image is shown below.

Fig.4. SIFT Features extracted from the Fused |mage

V. STEPSOF MATCHING

1. Match (imagel, image2). This function reads two
images, finds their SIFT [4] [5] [6] features, and
displays lines connecting the matched Keypoints. A
match is accepted only if its distance is less than dist
Ratio times the distance to the second closest match.
It returns the number of matches displayed.

2. Find SIFT (Scde Invariant Fourier Transform)
Keypoints for each image. For finding the SIFT

Keypoints specify what are its locations and
descriptors.

3. It is easier to compute Euclidean distances between
two images

4. Assume some distance ratio for example suppose
distance ratio=.4 it means that it only keep matchesin
which theratio is less than distance Ratio.

5. Now for each descriptor in the first image, select its
match to second image.

6. Then create a new image showing the two images side
by side.

7. Lastly a figure is shown with lines joining the
accepted matches.

VI. SIMULATION AND RESULT

This process basicaly takes two images of 256x256 i.e.
face and fingerprint of a person. For the sake of the
experiment cropped face has been taken which covers face
only and for the fingerprint cropped fingerprint has been
taken which covers ridges and lines.

To test the performance of our system apply above steps
in our previous image from which SIFT features are
extracted. Now suppose that these extracted feature points
are stored in the database, if a person comes he repeat
same steps which are described above. The best candidate
match for each keypoint is found by identifying its nearest
neighbor in the database of keypoints from training
images. The nearest neighbor is defined as the keypoint
with  minimum Euclidean distance for the invariant
descriptor vector.

The match program was used to find matches between
keypoints found in both images. The program draws lines
between keypoints that are found to match in both images.
This can be used with visual inspection to assess matching
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accuracy. The results from this matching program are
shownin figure 5.

Fig.5. Matching

To find Scale Invariant Feature Transform is invariant to
rotation we taken test image rotated by 90, 180 and 270
degree, for matching.

Fig.7. Matched with 90° rotation

These are the all matching points of a person indicating
that a person is authentic. So same procedure repeats for
every person, for every person its Keypoints are extracted
after extracting Keypoints it is stored in the database and
for matching, same procedure follows.

Table 1:

For various image transformations applied to a sample
of 20 images, this table gives the percent of keys that are
found at matching locations and scales (Match %)

I mage transfor mation Match %
A. Rotate by 90 degrees 96

B. Rotate by 180 degrees 98

C. Rotate by 270 degrees 98.61

D. Increase contrast 90

VIIl. FUTURE WORK

We will take database of 50 persons. The face and
fingerprint database are collected for individuals by taking
the image of 256x256 and resolution is set to 72 dpi.
Decomposition is done by DWT. After decomposition
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image fusion is done by weighted averaging method, after
obtaining the fused images of face and fingerprint, fused
image is preprocessed by histogram equalization for
normalization. For facial and fingerprint image matching,
SIFT feature comparison will be done based on Euclidean
distance of feature vectors for the recognition of human
identity.
How to use window based verification (WBV) scheme

For image fusion into our system is the subject of our
future research.
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