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Abstract

Usually, in touchless 3D Fingerprint recognition system the
effective area is increased by taking multiple images of the finger.
This is done to mosaic or stitch these images together. The key
problem here is the need to effectively extract feature points from
these images individually and match them. There has never been a
complete survey on the different methods of image feature detection
specific for fingerprints. The goal of this paper is to have a
comparative study visualizing the merits and demerits of the
methods. We evaluate the performance of existing image feature
detection techniques, such as, Difference-of-Gaussian, Hessian,
Hessian Laplace, Harris Laplace, Multiscale Hessian, Multiscale
Harris and OpenSURF, on a database that contains multiple images
of a finger. The process involves (i) feature detection, (ii) feature
matching and validation, and (iii) image stitching. Also we evaluate
the performance by visually examining the mosaicked images as
well as the number of matches. Computer simulation are presented
and the goal is to make a comparison of the existing feature
detection algorithms.

1 Introduction

Tremendous growth has been made in the field of Fingerprint
recognition [1]. It is being widely used for person identification in a
number of commercial, civil, and forensic application [2-6]. It is a
known fact that as compared to other biometric features, fingerprint-
based technique is the most scientifically proven technique for
person authentication [7]. Fingerprint matching techniques can be
coarsely classified in three groups: minutiae-based, correlation-
based and ridge feature-based matching techniques [8]. But they are
generally classified into two, minutiae based and texture based.
Fingerprints are represented based on local landmarks called
minutiae. A good quality fingerprint contains about 25 to 80
minutiae and can be used to compare one print to another [9].
Minutiae include Ridge endings, Ridge bifurcation, island, etc.,[10].
Although minutiae based verification system has shown fairly high
accuracies, further improvements in their performance is required,
especially in applications that involve a large scale database [11].
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Registering fingerprint images is not an easy task as it faces
several problems, such as, non-linear plastic distortions which are
due to non-uniform pressure applied by the subject onto the scanner,
accumulation of dirt, improper finger placement and sensor noise.
Therefore, to provide a more accurate, faster and hygienic method,
the contactless fingerprint identification system was developed [2].

Few sensors, such as the ultrasound sensor, work without
touch. But due to its production cost and large size, it was unsuitable
for the market. Also, an on-line authentication system needed quick
capture time, which wasn’t the case in an ultrasound sensor. So, for
the advancement of fingerprint recognition, a few
contactless/touchless identification system were fabricated [1-3, 7,
8, 12-19]. The systems used were less expensive as it only requires
few cameras. Earlier implementations used single-camera mode
touchless imaging devices. Song et al. [8] designed a touchless
system using a monochrome CCD camera and double ring-type
illuminators with blue LEDs. Touchless fingerprint sensor products
from companies (e.g., Mitsubishi [20], TST Biometrics [21], and
Lumidigm [22]) are on sale. Chen [19] devised a system that
generated a 3D model of a finger using structured light from a
projector, and a camera. Kumar and Zhou [2] used a web camera to
capture low resolution images of the finger. The above mentioned
devices faced a common problem of view difference due to
curvature of the finger shape. Also, in fingerprint recognition
systems, the performance is degraded by the restricted overlapping
area between fingerprints caused by view difference. To deal with
the above mentioned problem and increase the effective area of the
finger image, multiview touchless sensing techniques have been
proposed [3,7, 12, 18, 23]. The process involves (i) feature detection
(ii) feature matching and validation and (iii) Image stitching. Also
we evaluate the performance by visually examining the mosaicked
images as well as the number of matches.

Touchless fingerprint sensor products also provide us with
multiple images of the finger [3, 7, 14]. After obtaining multiple
views of the same finger, they need to be stitched together in some
fashion. . To assess the quality of a stitched image, methods
provided in[24-28] There exist two approaches. (i) Combine at an
image level [29, 30], (ii)) combine at a feature level [31]. Since a
portion of these images will have the same texture, Scale-invariant
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feature transform (SIFT) can be used for feature extraction to obtain
correspondences between these images. Noisy SIFT features should
be removed. Matching is done by comparing these feature points. A
number of false matching points are generated and they need to be
removed using geometric constraints [32].

The rest of the paper is organized as follows. In Section 2 and
3, we talk about the different feature detectors and descriptors. In
Section 4, we take a glance at the computer simulations and the
results obtained. Section 5 concludes the paper and suggests the
future directions.

2 Feature Detectors

Feature extraction from images captured by camera sensors are
mainly dealt under Computer Vision and has quite a few
applications including classification of objects, matching images,
image retrieval etc. The features to be extracted can be broadly
classified into two categories, namely, local and global features.
Global features are good, in the context of image retrieval, Object
recognition etc. [33, 34], to describe the information of the image
but they end up mixing the information of foreground and
background and hence cannot distinguish between the two [4].
Further, they consider the image as a whole, irrespective of the
isolated pixels. These features are well suited for most of the shape
and texture description, but they are affected by partial occlusion
and clutter [35]. Thus they are not suitable for localization of objects
spatially. Since for fingerprint applications we need to detect
features only on the fingerprint and not on the background, it is
better to use local features than global. Local features are invariant
i.e. they differ from immediate neighbors and allow matching local
structures between the images efficiently [4]. Local features may be
points, edges, lines, segments or objects that have specific structures
in the image [36, 37]. These features are also referred to as corner
points, key points or feature points [38, 39].

There are a number of feature detectors and descriptors that are
proposed in the literature (e.g. [20, 23, 40, 41]). In this paper we
have focused on 7 feature detectors which include Difference-of-
Gaussian [40], Hessian, Hessian Laplace [4], Harris Laplace [4, 22],
Multiscale Hessian, Multiscale Harris and Open SURF [42, 43]. As
a common descriptor we have used the SIFT descriptor [21] with all
the above mentioned detectors. The method followed in order to
perform feature detection, matching and image stitching is as
follows: 1) Detect the features using one of the detectors, 2)
Describe each of the detected keypoints using a SIFT descriptor, 3)
Match these descriptors using nearest neighbor method, 4) Perform
geometric verification to validate the matches, 5) Based on the
matches select parameters for stitching. Each of the 7 feature
detectors considered are explained in the following section. A brief
introduction and steps along with the advantages and disadvantages
are given below.

The Difference-of-Gaussian (DoG) Detector [41]
Using the local extrema of the Laplacian-of-Gaussian (LoG) as
the point of interest was first suggested by Lindeberg in [41]. Based
on this concept, Lowe proposed the Difference-of-Gaussian detector
[40]. It is a translation, rotation and scale invariant feature detector.
The overall procedure for detection includes detecting the extrema
in the scale space i.e. over multiple scales and locations and
selecting keypoints based on a measure of stability. Steps involved:
1) Produce the scale space of an image by convolving the different
scales of Gaussian kernel to the image, 2) Separate the generated
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scale space into a number of octaves, 3) Each of the generated octave
is again convolved with the Gaussian to create a set of scale space
image for that particular octave, 4) Adjacent sub-octave scale space
are subtracted to produce the DoG, 5) To proceed to next octave, the
Gaussian image is down-sampled by 2. 6) Detect the maxima and
minima of DoG in scale space by comparing each point with 8
neighbors in the current image and 9 neighbors each in the scales
above and below. Advantages: 1) Better compared to Harris
operator as it is scale, rotation and translation invariant [44]. 2) This
produces a lot of features for even small objects. Robust to occlusion
and clutter [44]. Disadvantages: 1) Slow when compared to SURF
[45]. 2) Computationally expensive [46].

y
y 4

Figure 1: a) subtract the adjacent sub-octave Gaussian to get DoG.
b) Compare each point with the 26 neighbors to find the extrema.
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Hessian Detector [4, 22]

The Hessian matrix is composed of second order partial
derivatives [4, 22]. This matrix has been used to analyze local image
structures. The algorithm is described below:

1) Find the determinant of the Hessian matrix as it is used to
detect image structures which have strong signal variation
in two directions. So, we use this property to detect the
interest points.

2)  We then build a scale-space representation by convolving
the image with Gaussians of increasing size. The Gaussian
kernels are chosen such that successive images differ by a
particular scale ratio.

3) The Hessian matrix has to be made invariant to scale.
Hence a factor 62 is multiplied with the Hessian matrix,
where o represents the scale of the image [4].

4) Nexta 3 x 3 search window is swept over the entire image.
If the value of the pixel is larger than the values of all 8
immediate neighbors and also above a given threshold,
then a feature point is associated with the present location.
An example is shown in figure 2.

VA

Figure 2: Output of the Hessian detector applied to a given scale
to example images with rotation[4].
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Harris-Laplace Detector [47]
The Harris-Laplace Algorithm is described below:

1) The initial points are realized with the Harris detector
[48]. The Harris function is used to create a scale-space
representation and it is used to determine local maxima
for all scales [4].

2)  Check whether the LoG reach maximum at the scale. Non-
corner points will have finer and coarser scales [49].

3) Remove those points for which the Laplacian did not
reach the threshold. Thus we get characteristic points for
each scale [48] [47].

There still may exist certain points which do not belong to the
selected scale. These points reduce the accuracy and should be
removed [50].

Advantages:
1) This approach brings forth a tightly packed and
characteristic set of points from the image [47] [22].
2)  This approach is simple.

Dis-advantage:
1) This approach has lower accuracy.

Hessian-Laplacian Detector [51]

It is very similar to Harris-Laplace. The difference being that
they start from the determinant of the Hessian rather than the Harris
corners. This is described as a viewpoint invariant blob-detector
method. An example is shown in Figure 3.

Figure 3:Output of Hessian-Laplace detector applied to example
images with scale change[4].

The Hessian-Laplace Algorithm [4, 51] is described below:

1) The initial points are realized with the determinant of the
Hessian. The Hessian function is used to create a scale-
space representation and it is used to determine local
maxima for all scales[51].

2) Check whether the corner points reach maximum at the
scale. Non-corner points will have finer and coarser
scales.

3) Remove those points which did not reach the threshold.
Thus we get characteristic points for each scale.

Advantages:
1) It is more robust than the Harris-Laplace detector[51].
2) More features are detected when compared to Harris-
Laplace detector[4].

Disadvantages:
1) It cannot be used for region detection[51].
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2) Iiis not affine invariant[51].

Multiscale Hessian Detector [52]

Since the image dimensions can be different, it is necessary to
introduce a measurement scale which changes within a certain
range[53]. The algorithm is described below:

1)  Calculate the Taylor expansion in the vicinity of the point
under consideration. This expansion will approximate the
structure of the image upto the second order[54].

2) Normalization is performed to compare the response of
different operators at multiple scales.

3) The eigenvalues of the Hessian are used to determine the
possibility of a blob feature being present.

Advantages:
1) A large increase in the detected feature points.
2) It can extract features from images which have different
dimensions.

Disadvantages:
1)  Computational time is large.
2)  High redundancy.

Multiscale Harris Detector [52]

In, Multiscale Harris Detector, the Harris corner indicator is
applied at successive integration scales [52]. This algorithm
determines many points which repeat in the neighboring scales. In
the Harris detector, an auto-correlation matrix is used. It helps in
ascertaining feature detection. The Multiscale Harris algorithm is
described below:

1) To make the detector, multi-scale, this matrix must be
able to change scale to make it independent of the image
dimension [48] [22].

This matrix now describes the gradient distribution of a point within
its vicinity.

2)  The Harris measure combines the trace and determinant
of the auto-correlation matrix [49].

3) The local maxima of this measure determines position of
the points [48].

Advantages:
1) It can be used to perform feature matching of images of
different dimensions.

Dis-advantages:
1) It increases the probability of a mismatch[52].
2) It increases the complexity [47].

OpenSURF [46];

Open SURF is one of the efficient implementation of the
Speeded Up Robust Features (SURF). SURF was first introduced in
[46] and was developed to achieve a fast computation of the features
retaining the repeatability, distinctiveness, and robustness
properties. The increase in the performance of SURF compared to
its predecessors is owed to the use of “Integral Image” [45].Steps
involved:
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1) Use of integral images to get major speed boost. Integral
image is nothing but an intermediate image representation
which contains summed up pixel values in gray scale. The
time required for the computation of a rectangular area is
simplified to the addition of four points (S=A + D — (C
+ B) as shown in figure 4) and thus is invariant to change
in the size of the rectangle.

2) Obtain the Fast-Hessian Detector. This is done by
approximating the Laplacian-of-Gaussian with the
weighted box filter (mean/average filter) in x, y, and xy —
directions.(as shown in the figure 5 )

3) Perform the scale — space analysis with constant image
size and varying the size of the filter or the kernel (Figure
6)

4) Perform thresholding to accurately estimate the interest
point location.

5) Perform non-maximal suppression to find the final
candidate points. This step is similar to the one in the DoG
detector, i.e. compare each pixel in the scale space to its
26 neighbors.

Advantages:
1) Computation time is much faster when compared to its
predecessors [44].
2) Good at handling image rotation [45].
3) Repeatability property of the feature is good [45].

Disadvantages:
1) Change in viewpoint is poorly handled.
2) Poor performance for variation in illumination [44].

o)

L 5

Figure 4: Describes how the sum of intensities inside a rectangle
can be simplified to three addition operations using integral images

[42].

Figure 5: Shows the Laplacian-of-Gaussian approximation used in
SURF [46].
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Scale

Figure 6: Shows the traditional approach (left) where the image
size is varied and convolved with the Gaussian filter to get the scale
space. The SURF approach (right) where the filter size is varied and
the image is left unchanged [45].

3 Scale Invariant Feature Transform (SIFT)
Descriptor

The SIFT descriptor which is widely used, was introduced by
David G. Lowe. This descriptor combines the Difference of
Gaussians (DoG) interest region detector and a corresponding
feature descriptor [36, 40]. This descriptor provide unique features
which makes it invariant to complications such as rotation,
translation and object scaling[55] . Many studies have been
conducted regarding the performance of the descriptor and SIFT
generally provides good performance when compared with other
local descriptors [47].

SIFT Descriptor encodes the image information in a localized
set of gradient orientation histograms by providing minor shifts in
the positions , thus achieving robustness to lighting variations [51].
Cascade filtering approach was introduced which reduced the cost
of extracting features by allowing expensive operations to be
executed only after passing the initial test [40].

Keypoint descriplor

Image gradients

Figure 7: The above images show the image gradient and the
keypoint descriptors.

The keypoint descriptors are produced using the data obtained
from the DoG. The orientation of the data created has to be altered
so that it matches with the orientation of the keypoint. After this, it
is weighted by Gaussian with variance which is 1.5 times the scale
of the keypoint. Using this data, a histogram which is centered on
the keypoint is created.

The following process describes the Scale-Invariant Feature
Transform:

1) The SIFT of a neighborhood of the image gradients give
a 128 dimensional vector of histograms.
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2) This region with a proper scale and rotation is further split
into a 4x4 square grid as shown in figure 7.

3) Every cell in this grid contains a histogram with eight
orientation bins.

4 Computer Simulations

The above mentioned feature detecting methods were applied
to our finger image as shown in figure 8.

(Left) (Center)

Figure 8: Multiview images of a finger

The features were detected for the red, green, blue, gray and
modified gray channel images using MATLAB as shown in figure
9. The blue-channel images are used for matching and the final
mosaicking. Visually analyzing the results, we observe that for
Hessian detector, 64 matches were found after verification. For
Hessian Laplace detector, only 1 match was found and hence the
matching failed. For the Harris Laplace detector, only 2 matches
were found after verification and hence the matching failed. For the
Multiscale Harris detector, 39 matches were found after verification.
For the Open SURF with SIFT descriptor, 10 matches were found
after verification. For the Difference of Gaussian (DoG) detector, 24
matches were found after verification but alignment mismatch
exists. And finally for Multiscale Hessian detector, 1600 matches
were found. Even though DoG, Multiscale Harris, and Open SURF
helped provide mosaicked images, the quality and alignment of the
mosaicked image are poor as shown in figure 10. Hessian and
Multiscale Hessian provide good mosaicked images.

The number of feature detected for the images are tabulated as
shown in table 1, table 2 and table 3. Hessian-Laplace and Harris-
Laplace for modified gray level have very few features because they
are overlapping. They have the same or very close location and/or
vary in scale and orientation. The multiscale Hessian can be used to
detect features in images with different dimensions, i.e. the scale is
adaptable. This property is very useful for fingerprint feature
detection as the multiple finger images can have dimension
mismatch. Also, blob feature detection used in Hessian extracts
more features than the corner features that are extracted using
Harris. But, due to the complexity of multiscale Hessian/Harris, the
computation time is very high. On the other hand, the computation
time of Open SUREF is faster but the features detected are much
lower.

As seen in figure 11, (a) represents the original images of the
fingers from the database. The features extracted are shown in (b)
and the mosaicked images are shown in (c). From visual and
statistical results, Multiscale Hessian was chosen for feature
detection and matching.
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Figure 9: Feature detection methods applied to figure 1(left). (1) Features
detected using the Multiscale Hessian Detector. (2) Features detected using the
DoG Detector. (3) Features detected using the Hessian Detector. (4) Features
detected using the Hessian-Laplace Detector. (5) Features detected using the
Harris-Laplace Detector. (6) Features detected using the Multiscale Harris
Detector. (7) Features detected using the Open SURF.
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Table 1: Number of feature found for the Center image shown in
figure 1.

Feature R G B Gray Modified
Detector Gray
Difference
of 9393 9755 10064 | 9458 9838
Gaussian
Hessian 37007 | 37209 | 40999 | 36665 | 38144
Hessian 1 0 6 0 2
Laplace
Harris 0 0 4 0 1
Laplace
Multiscale | 208911 | 201832 | 211394 | 201204 | 204458
Hessian
Multiscale | 7516 | 10277 | 19379 | 9071 | 12557
Harris
Open 702 1159 4039 980 1633
SURF

Table 2: Number of feature found for the Right image shown in
figure 1.

Feature R G B Gray Modified
Detector Gray
Difference
of 9606 9929 10118 | 9655 9900
Gaussian
Hessian | 37535 | 38295 | 41742 [ 36990 | 38191
Hessian 1 1 10 D) 2
Laplace
Harris 1 1 4 1 2
Laplace
Multiscale | 316432 | 209106 | 218217 | 208525 | 210336
Hessian
Multiscale | 5167 | gosg | 18569 | 6683 | 10245
Harris
Open 2 14 111 14 2
SURE 33 6 3 5 99

Table 3: Number of feature found for the Left image shown in
figure 1.

Feature R G B Gray Modified
Detector Gray
Difference
of 9493 9816 10181 9474 10037
Gaussian
Hessian 36852 37052 41401 36022 38067
Hessian 0 0 14 0 5
Laplace
Harris 0 0 17 0 2
Laplace
Multiscale | 2713090 | 206960 | 216786 | 206261 | 208692
Hessian
Multiscale | 5453 | 7894 | 18321 | 6733 | 10242
Harris
Open 702 1159 4039 980 1633
SURF
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Figure 10: Feature detection methods applied to figure 1(right and center)
using the following detectors: (1) Features detected using the Hessian Detector.
(2) Features detected using the Hessian-Laplace Detector. (3) Features
detected using the Harris-Laplace Detector. (4) Features detected using the
Multiscale Harris Detector. (5) Features detected using the OpenSURF
Detector. (6) Features detected using the DoG Detector. (7) Features detected
using the Multiscale Hessian.

5 Conclusion

This paper attempts to provide a visual and statistical
comparative study of the existing feature detectors, namely,
Difference-of-Gaussian, Hessian, Hessian Laplace, Harris Laplace,
Multiscale Hessian, Multiscale Harris and Open SURF. Detection
of feature points in fingerprint images will help solve the dilemma
of increasing the effective area of the fingerprint. We performed
feature detection using different detectors and then matched the
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extracted features to obtain the final mosaicked image. The merits
and demerits of the various detectors were realized. After
performing computer simulations in MATLAB, we have found out
that the Multiscale Hessian detector extracts the best features for
the multiple finger images and provides us with the finest mosaicked
image.

| I
=

1

Mosaicked
image

Features extracted

(4b)

Original Images

(49

(“4a)

Figure 11: (1), (2), (3), (4) are Multiview images of different fingers on which
Multiscale Hessian detection is performed.

6 Acknowledgement

This research has been supported by NIJ FY 14 Award (2014-1J-CX-
KO003).

7 Refernces:

(1]

G. Parziale, E. Diaz-Santana, and R. Hauke, '"The surround
imagertm: A multi-camera touchless device to acquire 3d rolled-
equivalent fingerprints," in Advances in Biometrics, ed: Springer,
2005, pp. 244-250.

A. Kumar and Y. Zhou, "Contactless fingerprint identification
using level zero features," in Computer Vision and Pattern
Recognition Workshops (CVPRW), 2011 IEEE Computer Society
Conference on, 2011, pp. 114-119.

IS&T International Symposium on Electronic Imaging 2016
Image Processing: Algorithms and Systems XIV

131

[4]

[5]
[6]

171

(8]

191

[10]
[11]

[12]

[13]

[14]
[15]
[16]
[17]

[18]

[19]

[20]

[21]

[22]

[23]

[24]

[25]

[26]

©2016 Society for Imaging Science and Technology
DOI: 10.2352/ISSN.2470-1173.2016.15.IPAS-200

H. Choi, K. Choi, and J. Kim, "Mosaicing touchless and mirror-
reflected fingerprint images," Information Forensics and Security,
IEEE Transactions on, vol. 5, pp. 52-61, 2010.

T. Tuytelaars and K. Mikolajczyk, "Local invariant feature
detectors: a survey," Foundations and Trends® in Computer
Graphics and Vision, vol. 3, pp. 177-280, 2008.

J. Feng, "Combining minutiae descriptors for fingerprint
matching," Pattern Recognition, vol. 41, pp. 342-352, 2008.

S. Bakhtiari, S. S. Agaian, and M. Jamshidi, "Local fingerprint
image reconstruction based on gabor filtering," in SPIE Defense,
Security, and Sensing, 2012, pp. 840602-840602-11.

F. Liu, D. Zhang, C. Song, and G. Lu, "Touchless multiview
fingerprint acquisition and mosaicking," Instrumentation and
Measurement, IEEE Transactions on, vol. 62, pp. 2492-2502, 2013.
Y. Song, C. Lee, and J. Kim, "A new scheme for touchless
fingerprint recognition system," in Intelligent Signal Processing
and Communication Systems, 2004. ISPACS 2004. Proceedings of
2004 International Symposium on, 2004, pp. 524-527.

D. A. Kumar and T. U. S. Begum, "A Comparative Study on
Fingerprint Matching Algorithms for EVM," Journal of Computer
Sciences and Applications, vol. 1, pp. 55-60, 2013.

K. Nandakumar and A. K. Jain, "Local Correlation-based
Fingerprint Matching," in ICVGIP, 2004, pp. 503-508.

K. Raja, "Fingerprint recognition using minutia score matching,"
arXiv preprint arXiv:1001.4186, 2010.

A. Fatehpuria, D. L. Lau, and L. G. Hassebrook, ""Acquiring a 2D
rolled equivalent fingerprint image from a non-contact 3D finger
scan," in Defense and Security Symposium, 2006, pp. 62020C-
62020C-8.

L. Sweeney, V. Weedn, and R. Gross, "A Fast 3-D Imaging System
for Capturing Fingerprints, Palm Prints and Hand Geometry: the
HandShot ID System," ed: Carnegie Mellon University, School of
Computer Science Tech Report CMU-ISRI-05-105. Pittsburgh,
PA, 2004.

TBS Touchless Fingerprint Imaging: 3-D-Enroll, 3-D-Terminal
Available: http://www.thsinc.com

Mitsubishi. Mitsubishi Touchless Fingerprint Sensor Available:
http://global.mitsubishielectric.com

Lumidigm. Lumidigm Multispectral Fingerprint Imaging Available:

http://www.lumidigm.com

ST Biometrics BiRD3 [Online]. Available:
http://www.tstbiometrics.com
Fingerprint Science Group: Handshot Available:

http://privacy.cs.cmu.edu/dataprivacy/projects/handshot/index.ht
ml

F. Chen, "3D fingerprint and palm print data model and capture
devices using multi structured lights and cameras," ed: Google
Patents, 2009.

J. Matas, O. Chum, M. Urban, and T. Pajdla, "Robust wide-
baseline stereo from maximally stable extremal regions," Image
and vision computing, vol. 22, pp. 761-767, 2004.

A. Vedaldi, "An open implementation of the SIFT detector and
descriptor," UCLA CSD, 2007.

K. Mikolajczyk and C. Schmid, "Indexing based on scale invariant
interest points," in Computer Vision, 2001. ICCV 2001.
Proceedings. Eighth IEEE International Conference on, 2001, pp.
525-531.

K. Mikolajczyk and C. Schmid, "An affine invariant interest point
detector," in Computer Vision—ECCV 2002, ed: Springer, 2002,
pp. 128-142.

S. Nercessian, K. Panetta, and S. Agaian, "A non-reference
measure for objective edge map evaluation," in Systems, Man and
Cybernetics, 2009. SMC 2009. IEEE International Conference on,
2009, pp. 4563-4568.

S. Nercessian, S. S. Agaian, and K. A. Panetta, '"Multi-scale image
enhancement using a second derivative-like measure of contrast,"
in IS&T/SPIE Electronic Imaging, 2012, pp. 82950Q-82950Q-9.

K. Panetta, C. Gao, and S. Agaian, ""No reference color image
contrast and quality measures," Consumer Electronics, IEEE
Transactions on, vol. 59, pp. 643-651, 2013.

IPAS-200.7


http://www.tbsinc.com/
http://global.mitsubishielectric.com/
http://www.lumidigm.com/
http://www.tstbiometrics.com/
http://privacy.cs.cmu.edu/dataprivacy/projects/handshot/index.html
http://privacy.cs.cmu.edu/dataprivacy/projects/handshot/index.html

[27] S. Nercessian, S. S. Agaian, and K. A. Panetta, "An image
similarity measure using enhanced human visual system
characteristics," in SPIE Defense, Security, and Sensing, 2011, pp.
806310-806310-9.

[28] C. Gao, K. Panetta, and S. Agaian, "Color image attribute and
quality measurements,” in SPIE Sensing Technology+
Applications, 2014, pp. 91200T-91200T-14.

[29] N. K. Ratha, J. H. Connell, and R. M. Bolle, "Image mosaicing for
rolled fingerprint construction," in Pattern Recognition, 1998.
Proceedings. Fourteenth International Conference on, 1998, pp.
1651-1653.

[30] S. Shah, A. Ross, J. Shah, and S. Crihalmeanu, ", Fingerprint
Mosaicing Using Thin Plate Splines «," in The biometric consortium
conference, 2005.

[31] X. Jiang and W. Ser, ""Online fingerprint template improvement,"
Pattern Analysis and Machine Intelligence, IEEE Transactions on,
vol. 24, pp. 1121-1126, 2002.

[32] U. Park, S. Pankanti, and A. Jain, "Fingerprint verification using
SIFT features," in SPIE Defense and Security Symposium, 2008,
pp. 69440K-69440K-9.

[33] M. Turk and A. P. Pentland, "Face recognition using eigenfaces,"
in Computer Vision and Pattern Recognition, 1991. Proceedings
CVPR'91., IEEE Computer Society Conference on, 1991, pp. 586-
591.

[34] A. Oliva and A. Torralba, "Building the gist of a scene: The role of
global image features in recognition," Progress in brain research,
vol. 155, pp. 23-36, 2006.

[35] D. Lisin, M. Mattar, M. B. Blaschko, E. G. Learned-Miller, and M.
C. Benfield, "Combining local and global image features for object
class recognition," in Computer Vision and Pattern Recognition-
Workshops, 2005. CVPR Workshops. IEEE Computer Society
Conference on, 2005, pp. 47-47.

[36] D. G. Lowe, "Object recognition from local scale-invariant
features," in Computer vision, 1999. The proceedings of the seventh
IEEE international conference on, 1999, pp. 1150-1157.

[37] J. Zhang, M. Marszalek, S. Lazebnik, and C. Schmid, "Local
features and Kernels for classification of texture and object
categories: A comprehensive study," International journal of
computer vision, vol. 73, pp. 213-238, 2007.

[38] J.Liand N. M. Allinson, "A comprehensive review of current local
features for computer vision," Neurocomputing, vol. 71, pp. 1771-
1787, 2008.

[39] R. Szeliski, Computer vision: algorithms and applications: Springer
Science & Business Media, 2010.

[40] D. G. Lowe, "Distinctive image features from scale-invariant
keypoints," International journal of computer vision, vol. 60, pp. 91-
110, 2004.

[41] T. Lindeberg, "Feature detection with automatic scale selection,"
International journal of computer vision, vol. 30, pp. 79-116, 1998.

[42] C. Evans, "Notes on the opensurf library," University of Bristol,
Tech. Rep. CSTR-09-001, January, 2009.

[43] D. Gossow, P. Decker, and D. Paulus, "An evaluation of open
source SURF implementations," in RoboCup 2010: Robot Soccer
World Cup X1V, ed: Springer, 2011, pp. 169-179.

[44] J. Wu, Z. Cui, V. S. Sheng, P. Zhao, D. Su, and S. Gong, "A
Comparative Study of SIFT and its Variants," Measurement
Science Review, vol. 13, pp. 122-131, 2013.

[45] H. Bay, A. Ess, T. Tuytelaars, and L. Van Gool, "Speeded-up
robust features (SURF)," Computer vision and image
understanding, vol. 110, pp. 346-359, 2008.

[46] H. Bay, T. Tuytelaars, and L. Van Gool, "Surf: Speeded up robust
features," in Computer vision—-ECCV 2006, ed: Springer, 2006, pp.
404-417.

[47] K. Mikolajczyk and C. Schmid, "A performance evaluation of
local descriptors," Pattern Analysis and Machine Intelligence,
IEEE Transactions on, vol. 27, pp. 1615-1630, 2005.

[48] K. Mikolajczyk and C. Schmid, "Scale & affine invariant interest
point detectors," International journal of computer vision, vol. 60,
pp- 63-86, 2004.

IS&T International Symposium on Electronic Imaging 2016
Image Processing: Algorithms and Systems XIV

©2016 Society for Imaging Science and Technology
DOI: 10.2352/ISSN.2470-1173.2016.15.IPAS-200

[49] K. G. Derpanis, "The harris corner detector," York University,
2004.

[50] R. Mehrotra, S. Nichani, and N. Ranganathan, "Corner
detection," Pattern Recognition, vol. 23, pp. 1223-1233, 1990.

[51] K. Grauman and B. Leibe, Visual object recognition: Morgan &
Claypool Publishers, 2010.

[52] C. Schmid, R. Mohr, and C. Bauckhage, "Evaluation of interest
point detectors," International Journal of computer vision, vol. 37,
pp. 151-172, 2000.

[53] A.F. Frangi, W. J. Niessen, K. L. Vincken, and M. A. Viergever,
"Multiscale vessel enhancement filtering," in Medical Image
Computing and Computer-Assisted Interventation—MICCAI’9S,
ed: Springer, 1998, pp. 130-137.

[54] A. Vignati, V. Giannini, A. Bert, P. Borrelli M. De Luca, L.
Martincich, et al., "A fully automatic multiscale 3-dimensional
Hessian-based algorithm for vessel detection in breast DCE-MRI,"
Investigative radiology, vol. 47, pp. 705-710, 2012.

[55] U. o. Edinburgh. (2015, August 13). SIFT Image Features.
Available:
http://homepages.inf.ed.ac.uk/rbf/CVonline/LOCAL COPIES/A
V0405/MURRAY/SIFT.html

BIOGRAPHIES

Rahul Rajendran received bachelor’s degree in
electrical  engineering from the Visvesvaraya
Technological University, India, in 2014. He is

currently studying his Master’s in Electronic and

Computer Engineering at the University of Texas at
San Antonio, USA. His current research interests are
Image and video analytics, Signal Processing, 3D Sensors and Security.
He is working as a graduate research assistant Multimedia and Mobile
Signal Processing Laboratory at UTSA.

Sos S. Agaian is Peter T. Flawn Professor of
Electrical and Computer Engineering at the
University of Texas, San Antonio, and Professor at
the University of Texas Health Science Center, San
Antonio. Dr. Agaian received the M.S. degree

4 (summa cum laude) in mathematics and mechanics
from Yerevan University, Armenia, the Ph.D. degree in math and physics
from the Steklov Institute of Mathematics, Russian Academy of Sciences,
and the Doctor of Engineering Sciences degree from the Institute of the
Control System, Russian Academy of Sciences. He has authored more
than 500 scientific papers, 7 books, and holds 14 patents. He is a Fellow
of the International Society for Photo-Optical Instrumentations
Engineers, a Fellow of the Society for Imaging Science and
Technology(IS&T), and a Fellow of the Science Serving Society (AAAS).
He also serves as a foreign member of the Armenian National Academy.
He is the recipient of MAEStro Educator of the Year, sponsored by the
Society of Mexican American Engineers and Scientists. The technologies
he invented have been adopted across multiple disciplines, including the
US government, and commercialized by industry. He is an Editorial
Board Member of the Journal of Pattern Recognition and Image Analysis
and an Associate Editor for several journals, including the Journal of
Electronic Imaging (SPIE, IS&T) and the System Journal (IEEE). His
research interests are Multimedia Processing, Imaging Systems,
Information Security, Artificial Intelligent, Computer Vision, 3D Imaging
Sensors, Signal and Information Processing in Finance and Economics,
Biomedical and Health Informatics.

IPAS-200.8


http://homepages.inf.ed.ac.uk/rbf/CVonline/LOCAL_COPIES/AV0405/MURRAY/SIFT.html
http://homepages.inf.ed.ac.uk/rbf/CVonline/LOCAL_COPIES/AV0405/MURRAY/SIFT.html

Marzena (Mary-Ann) Mulawka has an
undergraduate degree in Molecular and Cellular
Biology, graduate degree in Forensic Sciences,
and is currently pursuing a second graduate
degree in Emergency Management. She is also
currently the Principal Investigator for the current
2014 National Institute of Justice (NIJ) Grant titled
"Evaluation of the Use of A Non-Contact, 3D
Scanner for Collecting Postmortem Fingerprints"
and serves as an intermittent Medicolegal
Investigator for the federal Disaster Mortuary Operational Response
Team of the Department of Health and Human Services. She is a lecture
and laboratory instructor in Forensic Science and Biology at the John Jay
College of Criminal Justice and Berkeley College, where she teaches
crime scene investigation and fingerprint processing. Ms. Mulawka
currently provides fingerprint expertise as a member of the NIJ Cold Case
Working Group and previously served as an advisory member for the
Friction Ridge Analysis, Family Assistance/Victim Identification Center,
and Disaster Victim Identification Management Committees of the
Scientific Working Group on Disaster Victim Identification until the
groups dissolved. Her Master’s Thesis, subsequent international
publications, presentations, and recently published book on Postmortem
Fingerprinting and Unidentified Human Remains depict research that
revealed a large gap in knowledge of fingerprint recovery and submission
of unidentified deceased fingerprint records. Her graduate research and
prior experience with unidentified persons at the San Diego County
Medical Examiner’s Office and New York City Office of Chief Medical
Examiner (NYC OCME) have lead to the identification of over 250
unidentified decedents, some including cold cases dating back to the
1970s. From 2011-2014, Marzena worked as the
Criminalist/Identification Coordinator for the NYC OCME. She began as
a Criminalist in the Forensic Biology Division’s Missing/Unidentified
Persons DNA Unit before being transferred to the Identification Division
in order to establish the agency’s Fingerprint Unit, coordinate its
operations, and serve as the fingerprint lead for the disaster morgue
during mass fatality incidents. Prior to the NYC OCME, she worked at
the SDMEO in medicolegal investigations and reorganized the
unidentified persons section. She has also volunteered at the Metro
Nashville Police Department to assist with unidentified cold cases.

Shishir P Rao received the BE degree in Electronics
and Communication from the REVA Institute of
Technology and Management (Affiliated to VTU),
Bangalore, in 2014. Currently, he is pursuing MS
degree in Electrical Engineering at The University
of Texas at San Antonio. He is working as research
assistant in  Multimedia and Mobile Signal

Processing Lab, under the supervision of Dr. Sos S
Agaian. His research interests include 3D photography, image-based
modeling, multiview stereovision, image and video analytics,
signal/image processing, 3D sensors.

Shreyas Kamath K.M was born in Mangalore,
India, in 1992. He received bachelor’s degree in
Electronics and Communication engineering from
the Reva Institute of Technology and Management,
Bangalore, India, in 2014, and is pursuing his
Master’s degree in Electronic and Computer

Engineering at the University of Texas at San
Antonio, USA. He is currently working as a graduate research assistant
in Multimedia and Mobile Signal Processing Laboratory. His main areas
of research interests include Signal / Image processing, 3-D scanning,
Biometric authentication systems.

IS&T International Symposium on Electronic Imaging 2016
Image Processing: Algorithms and Systems XIV

©2016 Society for Imaging Science and Technology
DOI: 10.2352/ISSN.2470-1173.2016.15.IPAS-200

Srijith Rajeev was born in Bangalore, India, in
1992. He received the B.E. degree in electronics and
communication engineering from the Visvesvaraya
Technological University, India, in 2014 and is
currently pursuing his M.S in electrical and
computer engineering in University of Texas at San
Antonio, USA, where he is a graduate research
assistant in the Multimedia and Mobile Signal
Processing Laboratory in UTSA. His current research interests include
Signal/lmage Processing, 3-D sensors and modelling, digital forensic,
biomedical applications.

IPAS-200.9



