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SYSTEM AND METHOD FOR MULTIMEDIA
ANALYTIC PROCESSING AND DISPLAY

CROSS-REFERENCE TO RELATED
APPLICATIONS

[0001] This application claims priority to U.S. Provisional
Patent Application 62/659,551, filed Apr. 18, 2018, and
entitled “Bio-Inspired Multimedia Analytic Systems and
Methods”, the entire contents of which are incorporated by
reference herein.

BACKGROUND OF THE INVENTION

[0002] A wide variety of applications employ multimedia
content (image, video, figure, and/or text) analytic systems
for improved visualization. For example, still digital multi-
media (such as, but not limited to, images) may include
noise, low exposure, and/or illumination variations that,
even if unseen to human eye, may be improved using
various multimedia processing techniques.

SUMMARY OF THE INVENTION

[0003] The present disclosure provides methods and sys-
tems for multimedia analytics including automated binariza-
tion, segmentation, and enhancement. In some aspects, the
present disclosure implements such processing for different
types of multimedia content (e.g., images and/or videos)
using human visual system-based schemes. For example,
without limiting the scope of the present disclosure, the
systems and methods discussed may be used with visible,
near visible, thermal, grayscale, color, thermal, biometric,
and biomedical imaging, as well as video processing and
measurement. Additionally, the present disclosure may
include a biometric authentication system using geometric
features.

[0004] In one aspect, the present disclosure provides a
method of binarizing an acquired input multimedia content.
The method includes receiving the input multimedia con-
tent, applying single window a-trim mean on one of the
input multimedia content and a transformed grayscale chan-
nel of the input multimedia content, and applying double
window c-trim mean on one of the input multimedia content
and the transformed grayscale channel of the input multi-
media content. The method also includes creating a visibility
multimedia content using the single window a-trim mean
and the double window o mean, determining a local visual
threshold using the visibility multimedia input and a visual
morphological thresholding method, and generating a bina-
rized multimedia content by applying the local visual thresh-
old on the input multimedia content.

[0005] In another aspect, the present disclosure provides a
method of segmenting an acquired input multimedia con-
tent. The method includes receiving the input multimedia
content, applying single window a-trim mean on one of the
input multimedia content and a transformed grayscale chan-
nel of the input multimedia content, and applying double
window c-trim mean on one of the input multimedia content
and the transformed grayscale channel of the input multi-
media content. The method also includes creating a visibility
multimedia content using the single window a-trim mean
and the double window a mean, determining a local visual
threshold using the visibility multimedia content and a
visual morphological thresholding method, and generating a
mask based on the local visual threshold. The method further
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includes generating a foreground multimedia content and a
background multimedia content by applying the mask to the
input multimedia content.

[0006] In yet another aspect, the present disclosure pro-
vides a method of enhancing an acquired input multimedia
content. The method includes receiving the input multime-
dia content, determining a global visual threshold using the
input multimedia content and a visual morphological thresh-
olding method, and creating a visual morphological
enhanced multimedia content (VMEI/VMEV) by perform-
ing visual morphological equalization using the global
visual threshold. The method also includes creating a
gamma corrected multimedia content by applying gamma
correction to the VMEI/VMEY, and generating an enhanced
multimedia content by fusing together the gamma corrected
multimedia content with the input multimedia content.
[0007] In yet a further aspect, the present disclosure pro-
vides a method of authenticating a biometric multimedia
content. The method includes receiving the biometric mul-
timedia content, determining a global visual threshold using
the biometric multimedia content and a visual morphologi-
cal thresholding method, and creating a visual morphologi-
cal enhanced multimedia content (VMEI/'VMEV) by per-
forming visual morphological equalization using the global
visual threshold. The method further includes creating a
gamma corrected multimedia content by applying gamma
correction to the VMEI/VMEYV, generating an enhanced
biometric multimedia content by fusing together the gamma
corrected multimedia content with the biometric multimedia
content, and creating a multimedia content template from
the enhanced biometric multimedia content. The method
further includes obtaining a retrieved template, matching the
multimedia content template with the retrieved template,
and generating a report based on the matching.

[0008] The foregoing and other aspects of the invention
will appear from the following description. In the descrip-
tion, reference is made to the accompanying drawings which
form a part hereof, and in which there is shown by way of
illustration a preferred aspect of the invention. Such aspect
does not necessarily represent the full scope of the invention,
however, and reference is made therefore to the claims and
herein for interpreting the scope of the invention.

BRIEF DESCRIPTION OF THE DRAWINGS

[0009] The present disclosure will hereafter be described
with reference to the accompanying drawings, wherein like
reference numerals denote like elements.

[0010] FIG. 1 is a schematic diagram of a multimedia
analytic system, according to an embodiment of the present
disclosure;

[0011] FIG. 2 is a flowchart of a multimedia content
acquisition method, according to an embodiment of the
present disclosure;

[0012] FIG. 3 is a flowchart of a multimedia content
binarization method, according to an embodiment of the
present disclosure;

[0013] FIG. 4A is a flowchart of a single window a-trim
mean technique, according to an embodiment of the present
disclosure;

[0014] FIG. 4B is a flowchart of a double window o-trim
mean technique, according to an embodiment of the present
disclosure;
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[0015] FIG. 5 is a flowchart of a local thresholding
method, according to an embodiment of the present disclo-
sure;

[0016] FIG. 6A is a flowchart of an example grayscale
image/video binarization, according to an embodiment of
the present disclosure;

[0017] FIG. 6B is a diagram comparing input grayscale
images and proposed binarizations, according to an embodi-
ment of the present disclosure;

[0018] FIG. 7 is another diagram comparing input gray-
scale images and proposed binarizations, according to an
embodiment of the present disclosure;

[0019] FIG. 8 is a flowchart of an example color image/
video binarization, according to an embodiment of the
present disclosure;

[0020] FIG. 9 is a flowchart of an example footprint
image/video binarization, according to an embodiment of
the present disclosure;

[0021] FIG. 10 is a flowchart of an example palm print
image/video binarization, according to an embodiment of
the present disclosure;

[0022] FIG. 11A is a flowchart of an example fingerprint
image/video binarization, according to an embodiment of
the present disclosure;

[0023] FIG. 11B is a diagram comparing input fingerprint
images and proposed binarizations, according to an embodi-
ment of the present disclosure;

[0024] FIG. 11C is another diagram comparing input
fingerprint images and proposed binarizations using various
methods, according to an embodiment of the present dis-
closure;

[0025] FIG. 12 is a flowchart of an example x-ray image/
video binarization, according to an embodiment of the
present disclosure;

[0026] FIG. 13 is a flowchart of an example mammogram
image/video binarization, according to an embodiment of
the present disclosure;

[0027] FIG. 14A is a flowchart of an example histopathol-
ogy image/video binarization, according to an embodiment
of the present disclosure;

[0028] FIG. 14B is a diagram comparing input histopa-
thology images and proposed binarizations, according to an
embodiment of the present disclosure;

[0029] FIG. 15 is a flowchart of an example phase contrast
image/video binarization, according to an embodiment of
the present disclosure;

[0030] FIG. 16A is a flowchart of an example text recog-
nition image/video binarization, according to an embodi-
ment of the present disclosure;

[0031] FIG. 16B is a diagram comparing input text rec-
ognition images and proposed binarizations, according to an
embodiment of the present disclosure;

[0032] FIG. 17 is a flowchart of an example visible plus
near infrared image/video binarization, according to an
embodiment of the present disclosure;

[0033] FIG. 18 is a flowchart of an example thermal
image/video binarization, according to an embodiment of
the present disclosure;

[0034] FIG. 19 is a flowchart of a foreground-background
image/video segmentation method, according to an embodi-
ment of the present disclosure;

[0035] FIG.20A is a diagram comparing input images and
proposed foreground/background segmentations, according
to an embodiment of the present disclosure;
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[0036] FIG. 20B is another diagram comparing input
images and proposed foreground/background segmenta-
tions, according to an embodiment of the present disclosure;
[0037] FIG. 21 is a flowchart of an image enhancement
method, according to an embodiment of the present disclo-
sure;

[0038] FIG. 22 is a flowchart of a quality measurement
method, for example, for use with the image/video enhance-
ment method of FIG. 21, according to an embodiment of the
present disclosure;

[0039] FIG. 23A is a diagram comparing grayscale input
images and proposed image enhancements, according to an
embodiment of the present disclosure;

[0040] FIG. 23B is another diagram comparing grayscale
input images and proposed image enhancements, according
to an embodiment of the present disclosure;

[0041] FIG. 23C is a diagram comparing color input
images and proposed image enhancements, according to an
embodiment of the present disclosure;

[0042] FIG. 24 is a schematic visualization of a Difference
of Gaussian detector, according to an embodiment of the
present disclosure;

[0043] FIG. 25 is a schematic visualization of SIFT image
gradient and keypoint descriptors, according to an embodi-
ment of the present disclosure;

[0044] FIG. 26 is a flowchart of a biometric authentication
method, according to an embodiment of the present disclo-
sure;

[0045] FIG. 27 is a flowchart of a biometric matching
method, for example, for use with the biometric authenti-
cation method of FIG. 26, according to an embodiment of
the present disclosure;

[0046] FIG. 28 is a flowchart of a general generative
adversarial network used to fill the missing regions in any
partial biometric image, according to an embodiment of the
present disclosure;

[0047] FIG. 29 is a flowchart of partial biometric matching
method, for example, for use with the biometric authenti-
cation method of FIG. 26, according to an embodiment of
the present disclosure;

[0048] FIG. 30 is a flowchart of a 3D biometric modality
matching method, for example, for use with the biometric
authentication method of FIG. 26, according to an embodi-
ment of the present disclosure;

[0049] FIG. 31 is a flowchart of a method for mosaicking
images captured from multiple sensors, with the biometric
authentication method of FIG. 26, according to an embodi-
ment of the present disclosure;

[0050] FIG. 32A is an original image to be stitched using
a mosaicking algorithm, according to an embodiment of the
present disclosure;

[0051] FIG. 32B is another original image to be stitched
using a mosaicking algorithm, according to an embodiment
of the present disclosure;

[0052] FIG. 32C is an image with a seam line cut obtained
using an alpha-trimmed correlation technique, according to
an embodiment of the present disclosure;

[0053] FIG. 32D is another image with a seam line cut
obtained using an alpha-trimmed correlation technique,
according to an embodiment of the present disclosure;
[0054] FIG. 32E is a final mosaicked image, according to
an embodiment of the present disclosure; and



US 2023/0099984 Al

[0055] FIG. 32F is a zoomed section of the final image of
FIG. 32E, according to an embodiment of the present
disclosure.

DETAILED DESCRIPTION

[0056] Before the present invention is described in further
detail, it is to be understood that the invention is not limited
to the particular aspects described. It is also to be understood
that the terminology used herein is for the purpose of
describing particular aspects only and is not intended to be
limiting. The scope of the present invention will be limited
only by the claims. As used herein, the singular forms “a”,
“an”, and “the” include plural aspects unless the context
clearly dictates otherwise.

[0057] It should be apparent to those skilled in the art that
many additional modifications beside those already
described are possible without departing from the inventive
concepts. In interpreting this disclosure, all terms should be
interpreted in the broadest possible manner consistent with
the context. Variations of the term “comprising”, “includ-
ing”, or “having” should be interpreted as referring to
elements, components, or steps in a non-exclusive manner,
so the referenced elements, components, or steps may be
combined with other elements, components, or steps that are
not expressly referenced. Aspects referenced as “compris-
ing”, “including”, or “having” certain elements are also
contemplated as “consisting essentially of” and “consisting
of” those elements, unless the context clearly dictates oth-
erwise. It should be appreciated that aspects of the disclosure
that are described with respect to a system are applicable to
the methods, and vice versa, unless the context explicitly
dictates otherwise. Furthermore, the word “may” is used
throughout this application in a permissive sense (i.c., hav-
ing the potential to, being able to), not in a mandatory sense
(i.e., must).

[0058] Aspects of the present disclosure are explained in
greater detail in the description that follows. Aspects of the
disclosure that are described with respect to a method are
applicable to aspects related to systems and other methods of
the disclosure, unless the context clearly dictates otherwise.
Similarly, aspects of the disclosure that are described with
respect to a system are applicable to aspects related to
methods and other systems of the disclosure, unless the
context clearly dictates otherwise.

[0059] In the drawings, similar symbols typically identify
similar components, unless context dictates otherwise. The
numerous innovative teachings of the present invention will
be described with particular reference to several embodi-
ments (by way of example, and not of limitation). It will be
readily understood that the aspects of the present disclosure,
as generally described herein, and illustrated in the Figures,
can be arranged, substituted, combined, separated, and
designed in a wide variety of different configurations, all of
which are explicitly contemplated herein.

[0060] In biometric multimedia data applications (such as
fingerprint or palm print matching), image analytic tech-
niques may be used to improve recognition systems. In
biomedical images, detection of physiological abnormalities
may lead to improved diagnoses. Vehicle navigation systems
use image and/or video analytics to detect lane markings and
improve visualization during various weather conditions.
Other multimedia analytics applications include, but are not
limited to, facial detection, feature detection, quality analy-
sis in food industry, remote sensing, and defense surveil-

Mar. 30, 2023

lance. Analytic systems can be crucial for mobile biometrics,
for document image analysis (identification), and for visual
sensor networks and big data applications, including social/
personal media applications. For example, using visual
sensor networks, various types of cameras may provide
diverse views of a scene, which can enhance the consistency
of and help provide a better understanding of the captured
events/actions. Each multimedia process for these various
applications can be divided into several sub techniques, such
as enhancement, color correction, segmentation, threshold-
ing, sharpening, warping, and multimedia content quality
measurements.

[0061] Generally, aspects of the present disclosure relate
to systems and methods for multimedia processing and
measurement. Such multimedia may include, but is not
limited to, any form of visible, near visible, thermal, gray-
scale, color, thermal, biometric, and/or biomedical imaging,
and/or video, figure, and/or text. For example, various
aspects of the present disclosure relate generally to visual
and non-visual image analytics, video processing, analysis,
and biometric authentication. More particularly, the present
disclosure relates to image thresholding, image binarization,
image segmentation, image multilevel binarization, image
classification, image enhancement, image brightness and
darkness equalization, and image/video applications. The
present disclosure further relates to biometric authentication
systems and, more specifically, may relate to fingerprint,
palm print, footprint, or other biometric authentication sys-
tems. As used herein, the term biometrics refers to authen-
ticating any human characteristics. While the following
description may generally refer to images, the methods and
systems described herein may be applicable to any type of
multimedia content (e.g., images, videos, figures, and/or
text). Thus, by way of example, any method steps described
herein as using images may instead use videos, figures,
and/or text.

[0062] According to some embodiments, the present dis-
closure includes systems and methods for image binariza-
tion. The binarization method may be applied to a variety of
images to create binary images. In some aspects, the method
may include computing a Human Visual System Operator
(HVSO), and/or additional computing schemes, to deter-
mine one or more optimal thresholds for binarization.
According to other embodiments, the present disclosure
includes systems and methods for image segmentation. The
segmentation technique may be applied to separate image
foreground from image background, for example, to conduct
background removal and permit further processing of the
foreground (e.g., for biometric authentication or other pro-
cessing). According to yet other embodiments, the present
disclosure includes systems and methods for image enhance-
ment. The enhancement technique may be applied to a
variety of images to provide missing image details. By
providing missing image details, the images may be more
suitable for displaying purposes. According to yet other
embodiments, the present disclosure includes systems and
methods for biometric authentication. In the present disclo-
sure, any biometric characteristic that can be obtained in the
form of an image may be used for personal identification
and/or verification.

[0063] FIG. 1 illustrates a diagram of an example system
10 configured to carry out one or more of the methods
described herein. The system 10 of FIG. 1 can include one
or more acquisition modules 12 configured to capture or
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obtain images and can include processing circuitry 14 con-
figured to execute an image analytic algorithm using the
acquired images in accordance with the methods described
herein. The system 10 can also include memory 16 config-
ured to store images, image data, and/or templates, in which
the acquisition module 12 may retrieve such data from the
memory 16 for use by the processing circuitry 14. Addi-
tionally or alternatively, the acquisition module 12 may be
configured to access similar data via external memory, such
as cloud storage 18 or other external storage. Furthermore,
the memory 16 or cloud storage 18 may be used to store
processed images and/or generated reports (e.g., generated
as output from the processing circuitry 14, as further
described below).

[0064] Generally, in some embodiments, the system 10
can be a portable imaging system configured to capture
image data. As such, the acquisition module 12 can include
one or more sensors 20 and may be used to create or acquire
digital image data. Example sensors 20 include, but are not
limited to, a 2D digital visible image sensor, a near infrared
sensor, and/or a thermal sensor. According to one example,
in some embodiments, the system 10 can be a portable
imaging system such as a camera, a cellular telephone, a
video camera, or any other imaging device that captures
digital image data. In such embodiments, the acquisition
module 12 can include a camera module with one or more
lenses (not shown) and one or more corresponding image
sensors 20. Additionally, the lens may be part of an array of
lenses and image sensor 20 may be part of an image sensor
array. In some embodiments, the acquisition module 12 can
also include its own processing circuitry (not shown) to
pre-process acquired images.

[0065] In some embodiments, the processing circuitry 14
can include one or more processors configured to carry out
one or more method steps described herein. For example, the
processing circuitry 14 can include one or more integrated
circuits (e.g., image analytic circuits, microprocessors, stor-
age devices such as random-access memory and non-volatile
memory, etc.) and can be connected via an input 22 to the
acquisition module 12 and/or form part of the acquisition
module 12 (e.g., as circuits that form part of an integrated
circuit that includes the sensor 20 or an integrated circuit
within the acquisition module 12 that is associated with the
sensor 20). Image data that has been captured, or acquired,
and processed by the acquisition module 12 can, if desired,
be further processed and stored using the processing cir-
cuitry 14.

[0066] As shown in FIG. 1, the system 10 can also include
an output module 22 in communication with the processing
circuitry 14. The output module 22 can be, for example, a
display configured to display generated reports or processed
images created by the processing circuitry 14. Additionally,
processed image data (such as visual images and/or gener-
ated reports) can also, if desired, be provided to external
equipment (not shown), such as a computer or other elec-
tronic device, using wired and/or wireless communication
paths coupled to the processing circuitry 14.

[0067] It should be noted that, while the system 10 is
shown and described herein, it is within the scope of this
disclosure to provide other types of systems to carry out one
or more methods of the present disclosure. For example,
some embodiments may provide an external acquisition
module as a standalone system. The external acquisition
module may be configured to acquire and initially process
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image data, as described above, then store such data on
external storage (such as the cloud storage 18) for use with
the system 10 of FIG. 1. Furthermore, in some embodi-
ments, the system 10 may or may not include its own
acquisition module, and is configured to be connected with
or coupled to an external acquisition module.

[0068] With respect to image (or other multimedia con-
tent) acquisition, FIG. 2 illustrates an example acquisition
method 30 according to some embodiments. More specifi-
cally, FIG. 2 illustrates a method for acquiring a two-
dimensional (2D) and/or three-dimensional (3D) digital
image from one or more sensors. As shown in FIG. 2, initial
image data can be acquired via a 2D visible digital image
sensor 32, a near infrared image sensor 34, and/or a thermal
image sensor 36. The visible image data, near infrared image
data, and/or thermal image data (e.g., from steps 32, 34,
and/or 36) can be fused together at step 38. The resulting
fused image (and/or other image data if not initially fused in
step 38), may contain different types of noise, for example,
Gaussian noise, salt and pepper noise, speckle noise, aniso-
tropic noise, etc. This noise can be filtered at step 40 by
applying one or more filters depending on the noise present,
such as, Gaussian filters to remove Gaussian noise, a median
filter to remove salt and pepper noise, and/or other filters.

[0069] The filtered image can then be enhanced (step 42)
and segmented (step 44) (for example, using the segmenta-
tion and enhancement methods described below), resulting
in an output image or images at step 46, such as a visible,
near-infrared, and thermal 3D image and 2D image. The
output image(s) may then be stored in cloud storage (step
48), or other types of memory. These stored output images
can be used for display and/or with an image analytics
system, such as the system 10 of FIG. 1. For example, in
some applications, the output images can be retrieved by an
acquisition module 12 of the system 10 and used as input
images for additional image analytics (such as any of the
processing methods described herein).

[0070] Alternatively, in some embodiments, steps 42 and
44 can be skipped and the filtered image from step 40 may
be stored in cloud storage 18, internal memory 16, or other
types of memory. The filtered images can then be retrieved
by an acquisition module 12 of the system 10 and used as
input images for additional image analytics (such as any of
the processing methods described herein).

[0071] Furthermore, while the above image acquisition
method 30 is illustrated and described herein, it is within the
scope of this disclosure to provide other types of image
acquisition methods and methods configured to provide
image data for use with one or more methods of the present
disclosure. In other words, input images for use with the
methods described herein are not limited to those acquired
by the above-described system and method.

[0072] With respect to the image (or other multimedia
content) binarization methods of the present invention, the
process of converting a grayscale image into a bitonal image
is called binarization. More specifically, grayscale digital
images are a combination of black, white, and various
shades of gray pixels. For example, grayscale images gen-
erally include 8 bits, meaning pixels can vary from 0 (black)
and 255 (white), enabling a total of 28 levels. In contrast, a
bitonal digital image includes only 0 (black) and 1 (white).
Accordingly, image binarization includes converting pixels
of a grayscale image to a series of black and white pixels.
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[0073] Image binarization may be used in numerous appli-
cations such as, but not limited to, motion detection, docu-
ment analysis, optical character recognition (OCR), and
industrial image analytics. For example, image binarization
may be an effective tool in such applications to separate
image foreground from background. However, downsides
exist when using current image binarization techniques. As
one example, image binarization performs poorly when the
variation between foreground and background image inten-
sity is low. As a result, conventional thresholding techniques
may include foreground information in the background
information or vice versa.

[0074] More specifically, in the binarization process, a
threshold value must be determined in order to convert a
pixel from its current value to white or black (e.g., from a
grayscale value to O or 1). There are two main categories of
thresholding: global thresholding and local thresholding (or
adaptive thresholding). Global thresholding methods gener-
ally provide good performance for images that have distinct
foregrounds and backgrounds. However, the performance
decreases when backgrounds are complex, including non-
uniform illumination, low contrast, and large signal-depen-
dent noise.

[0075] For example, one method of global thresholding
suggests minimizing or maximizing the weighted sum of
inter-class variances of the foreground and background
pixels, which may provide an optimum threshold. Otsu,
Nobuyuki. “A Threshold Selection Method from Gray-Level
Histograms.” Automatica 11.285-296 (1975): 23-27.
Another method of global thresholding is based on entropy.
This method considers image foreground and background
distribution likelihood and the optimal threshold is calcu-
lated when the sum of the two entropies reach maximum.
Kapur, J. N, P. K. Sahoo, and A. K. C. Wong. “A New
Method for Gray-Level Picture Thresholding Using the
Entropy of the Histogram.” Computer Vision, Graphics, and
Image Processing 29.3 (1985): 273-285. ScienceDirect. Yet
another method of global thresholding chooses an optimal
threshold depending upon the maximal entropy principle
and fizzy C-partition. Cheng, H. D., Jim-Rong Chen, and
Jiguang Li. “Threshold Selection Based on Fuzzy c-Partition
Entropy Approach.” Pattern Recognition 31.7: 857-870
(1998). Other methods include Agaian, Sos, et al. “Bright
and dark distance-based image decomposition and enhance-
ment.” Imaging Systems and Techniques (IST), 2014 IEEE
International Conference on. IEEE, 2014; Roopaei, Mehdi,
et al. “Cross-entropy histogram equalization.” Systems, Man
and Cybernetics (SMC), 2014 IEEE International Confer-
ence on. IEEE, 2014; Muppidi, Mohan, et al. “Image seg-
mentation by multi-level thresholding based on fuzzy
entropy and genetic algorithm in cloud.” System of Systems
Engineering Conference (SoSE), 2015 10th. IEEE, 2015;
and Muppidi, Mohan, et al. “Image segmentation by multi-
level thresholding using genetic algorithm with fuzzy
entropy cost functions.” Image Processing Theory, Tools and
Applications (IPTA), 2015 International Conference on.
IEEE, 2015.

[0076] Additional methods of global thresholding are
described by Tsai (Tsai, Wen-Hsiang. “Moment-Preserving
Thresholding: A New Approach.” Computer Vision, Graph-
ics, and Image Processing 29.3 (1985): 377-393), Wu (Wu,
A.Y., T. H. Hong, and A. Rosenfeld. “Threshold Selection
Using Quadtrees.” IEEE Transactions on Pattern Analysis
and Machine Intelligence PAMI-4.1 (1982): 90-94), and
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Rosenfeld (Rosenfeld, A., and R. C. Smith. “Thresholding
Using Relaxation.” IEEE Tramnsactions on Pattern Analysis
and Machine Intelligence PAMI-3.5: 598-606 (1981)).

[0077] With respect to local thresholding methods, the
threshold value of each pixel is determined using itself and
information from neighboring pixels. It is generally com-
puted by sliding a square or rectangle window over the entire
image. One method of local thresholding uses the computed
mean and standard deviation of all pixels to provide an
optimal threshold. Niblack, Wayne, An Introduction to Digi-
tal Image Processing, Strandberg Publishing Company,
1985. Another method of local thresholding uses the meth-
ods of Niblack with modifications to provide better perfor-
mance by considering the variations such as light texture and
uneven illumination. Sauvola, J., and M. Pietikiinen,
“Adaptive Document Image Binarization,” Pattern Recog-
nition 33.2: 225-236 (2000). Yet another method of local
thresholding utilizes contrast of the image. This method
provides a threshold that is the midrange of the mean of the
minimum and maximum intensity gray levels of all pixels.
Bernsen, John, “Dynamic Thresholding of Grey-Level
Images.” International Conference on Pattern Recognition,
Vol. 2. Nop.: 1251-1255 (1986). Further, a method of local
thresholding is described by White (White, J. M., and G. D.
Rohrer. “Image Thresholding for Optical Character Recog-
nition and Other Applications Requiring Character Image
Extraction.” IBM Journal of Research and Development
27.4:400-411 (1983)).

[0078] FIG. 3 illustrates a method 50 for image binariza-
tion according to some embodiments. The method 50 may
be based on pixel density of images and can be used with,
for example, grayscale, color, thermal, visible and near
infrared, or other types of images. Generally, as shown in
FIG. 3, the method 50 can include receiving an image as
input (step 52), if needed, applying color space transforma-
tion to obtain a grayscale input image (step 54), selecting a
required channel from the transformed image (step 56), and
applying a single window c.-trim mean (step 58) and double
window c-trim mean (step 60) to compute a visibility image
(step 62). Using the visibility image, a local visual threshold
is computed (step 64) and applied to the grayscale input
image (step 66). A binarized image is then output at step 68.
[0079] More specifically, at step 52, an input image is
received. For example, the image may be received from
memory of a binarization system (such as system 10
described above), or from cloud storage 18. As described
above with respect to FIG. 2, cloud storage 18 may include
different kinds images retrieved from different sensors.
Alternatively, the images may be directly acquired via a
system 10 including one or more sensors 20, or may be
obtained via a scanner or other suitable source that is part of
or in communication with the system 10 having processing
circuitry 14.

[0080] If the acquired input image is grayscale, no color
space transformation is necessary and steps 54 and 56 may
be skipped. However, if the input image is a color image, a
suitable color space transformation can be applied at step 54.
Specific color transformation models may be used for dif-
ferent color models such as CIE, RGB, YUV, HSL/HSV, and
CMYK. Additionally, a color space model, median based
PCA conversion as described in Qazi, Sadaf, Karen Panetta,
and Sos Agaian, “Detection and comparison of color edges
via median based pca,” Systems, Man and Cybernetics,
2008, SMC 2008, IEEE International Conference on, IEEE,
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2008 may also be employed. Alternatively, a novel color
space model, o-trim based principal component analysis can
be applied. This method converts any given color model into
grayscale using a first principal component approximation.
For example, in an RGB color model, three different color
planes p, , ;for an image of size M by N exists. To estimate
the first component analysis, first, a mean for each color
plane is computed. The mean of each color space can be
computed using one of the following three variations of
o-trim mean: (1) o-trim mean; (2) o-winsorized mean; and
(3) weighted rank order statistics (WROS). These can be
formulated as shown in Equation 1 to Equation 3 below,
respectively.

N—aN Eq. 1

1
TrMe L, b,y Iy;a)= ——— Iy
alrMean(ly, b, L, ... , Iy; a) N—Q”N,;azm i)

Eq. 2
alrMean(ly, I, Ly, ... , Iy;a) =
1 N-aN
F(HN'I(aNH) + Z Iy + aN - Xy—awy;
—aN+1
WROS(I1, Iy, Is, ... , In; weight, Eq. 3

rank = #* order statistic of {a,01;, @05, ... ... , @, oIy},

[0081] Once the o-trim mean is computed, it can be
applied to Equation 4 below, and covariance is computed
using Equation 5. Throughout the disclosure, operators 5,

8, ®and @ are parametric operations (e.g., as described in
Nercessian, Shahan C., Karen A. Panetta, and Sos S. Agaian.
“Multiresolution decomposition schemes using the param-
eterized logarithmic image analytic model with application
to image fusion.” EURASIP Journal on Advances in Signal
Processing 2011.1 (2011): 515084. However, they can be
substituted with logarithmic operations or symmetric loga-
rithmic operators. Also, classical operators illustrated herein,
such as arithmetic, subtraction, etc., can be replaced with
PLIP operations, logarithmic operations, and symmetric
logarithmic operators. From the covariance, corresponding
eigen vectors [V;, V,, V5] and eigen values [§,, {,, {;] are
computed. The eigen values are arranged in the order of
significance such that [£,>{,>C,]. The eigen vector with the
highest eigen value is the principle component of the data
set. The new color space model can be constructed using
Equation 6.

p, = alrMean(py, p1, ps; @) Eq. 4
Eq. 5
C=
1 MmN
(pilm, n]© p.Im, n])(p:[m, n] © p.lm, n]YV i=0,1,2
MxN
S =vipl ] { V¥ i=1 for grayscale Eq. 6
F=ViPIL I 12123 for color models

[0082] This method has an advantage of minimal noise
(which can be otherwise introduced during conversions).
The method generates or constructs grayscale by de-corre-
lating the information in the three planes and has better edge
detection properties. Referring back to FIG. 3, at step 56, a
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required or desired channel is selected from the color space
conversion. The selection at step 56 may be application-
specific. More specifically, selecting the desired channel can
depend on information which needs to be extracted from the
image. For example, a visible image in RGB color space can
be converted to grayscale to perform segmentation. In
another instance, a thermal image with color palette mode
can be converted to HSV channel, and V channel can be used
to perform segmentation.

[0083] At steps 58 and 59, single window o-trim mean
and a double window ¢(-trim mean, respectively, are applied
to the original input image (if already in grayscale and steps
54 and 56 are skipped) or the converted image from step 56
(if the original input image is in color). With respect to the
single window oi-trim mean (SWaMean) at step 58, FIG. 4A
illustrates a method for executing this step. More specifi-
cally, as shown in FIG. 4A, using an input 2D or 3D image,
L, (as received at step 70), the image is divided into 7 blocks,
where ¥=k1xk2, at step 72 (or, alternatively, as shown in
FIG. 4A, y=w1xw2). Then, each ¥, block is sorted so that the
intensity value can be written as follows:

J RS 23 A e Eq. 7.
[0084] Once sorted at step 72, one of the three variations
of o-trim mean described above in Equations 1-3 (or a
different variation, in some embodiments) can be performed
on the image at step 74. Once the local o-trim mean is
performed at step 74 using any of the above variations, a
single window o-trim mean of the image may be output at
step 76.

[0085] Referring now to the double window o-trim mean
(DWoMean) at step 60 of FIG. 3, generally, the same
procedure from the single window Q-trim mean may be
followed, but the output of the single window Q-trim mean
is raised to a desired power 3, and the single window ¢-trim
mean is again applied, as illustrated in Equation 8 below:

DW = mear(Omean D gy s Eq. 8.

[0086] FIG. 4B illustrates an example method for execut-
ing the double window 0i-trim mean of step 60. As shown in
FIG. 4B, using an input 2D or 3D image (as received at step
80), the image is divided into a } blocks, where ¥=k3xk4 at
step 82 (or, alternatively, as shown in FIG. 4A, y=w3xw4).
Once sorted at step 82, local o-trim mean can be performed
on the image using any of the three variations in Equations
1-3 above at step 84. The output single window 0-trim mean
of the image from step 84 is then squared at step 86. The
output image from step 86 (e.g., termed an intermediate
output) is again divided into ) blocks, where x=k5xk6 at
step 88 (or, alternatively, as shown in FIG. 4A, x=w5xw6).
Once sorted at step 88, local o-trim mean can again be
performed using any of the three variations in Equations 1-3
above at step 90. Once the local o-trim mean is again
performed at step 90, a double window Q-trim mean of the
image may be output at step 92.

[0087] Referring back to FIG. 3, once single window and
double window o-trim mean is applied at steps 58 and 60,
respectively (e.g., using the methods described above with
respect to FIGS. 4A and 4B, respectively), a visibility image
(VI) can be computed at step 62. For example, the VI can be
computed as a Human Visual System Operator (HVSO), as
shown in Equation 9 below:
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DWaptoan )°2 & CSWangean)P152 Eq. 9
HVSO:\I‘*{( o) 2 & COWopten ) 12 |

(DWartoan )2 © CSWoartoan 172

[0088] As illustrated in Equation 9, the HVSO is a com-
bination of the single and double a window mean. W is a
normalizing factor which controls the dynamic range of the
HVSO. In some embodiments, the HVSO described herein
can be replaced by any of the HVS operators described in
Agaian, Sos S, “Visual morphology,” Electronic Imaging
’99. International Society for Optics and Photonics (1999).
[0089] Additionally, in some embodiments (e.g., depen-
dent on the need of the application), the HVSO can be
combined with the original input image as shown in Equa-
tion 10 below. In some applications, this may produce a
better visibility image (e.g., depending on the intensity of the
image). It should be noted that, as used herein, HVSO and
HVSO may be interchangeable and may also be termed as
Visibility Image (VI).

HVSO=t(image)®(1-1)HVSO Eq. 10.

[0090] Using the VI computed at step 62, a local visual
threshold may be computed at step 64. According to some
embodiments, a new visual morphological thresholding
method is provided, and the present disclosure presents a
broader scope for using this technique. A general block
diagram of this visual morphological thresholding method
(for use at step 64) is illustrated in FIG. 5. For example, an
input visibility image, Ly x=1,2,3,..., Xand y=1, 2, 3,
..., Y, where X and Y are the dimensions of the image is
considered at step 100. At step 102, the image may be
divided to y, number of blocks, where ¥,=k,xkg and ¥,=1,
2...N. At step 104, each block can be sorted depending on
the pixel density (e.g., gray levels). This can be formulated
as shown in Equation 11 below:

Dyin <Dy <Dy o <Dy < oo < Dy, Eq. 11

[0091] In Equation 11, D,,;,, m=min max stands for the
probability of density value, which can be defined as:
D, =r,xn, where n is the n” intensity level, and r,, is the
total number of times the pixel with intensity level n is
repeated in ™, block. Ty« may be defined as the visual
morphological separation point. This point is determined by
minimizing or maximizing the visual morphology between
the darkness, D*'p,,,,. . . and brightness DXy ., . Tt
can be described as shown in Equations 12 and 13 below:

[Ty kg ] Eq. 13
D)(4 _ Zmin Dm

Dark;ky, kg — .

arki g xux D,

in

ST b, Eq. 14
Y

X4
Dyigtier g = ma
D O

in

[0092] Visual morphological thresholding, according to
some embodiments, can be defined as the distance between
visual darkness and visual brightness components in each
block. As such, at step 106, the optimal threshold for each
block can be formulated as shown below in Equation 14 to
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Equation 16. The constant 3 selects the block threshold
depending on the density of each block, and this can be
varied depending on the requirement of the application. At
step 108, the local visual threshold is output.

Eq. 14
Toptiger kg =
X X
. Dlprictey eg Dlprictey eg
Argmin or Argmaxs|d = log] & = .
Bright;k; kg Dy ightig g
" Eq. 15
Toptiiy kg = Argmin or Argmax{ (0 *DD‘;,k;k%kg *
Dbkt
X arkiky g
DBfighr;k%kg)lOg[a D§4 e .
right;ky kg
Eq. 16
Toptsey kg =
Dttty J2/
Argmin or Argmax{[a “m =738 liog| @ “m )
Bright;ky kg Bright;ky kg

X4 v
Dy ig Dy ittt g
a log| & .
Dy DY
Bright;Jey g Darkijer g

[0093] According to another local thresholding method of
some embodiments, the single window o-trim mean and the
VI are employed to calculate the local threshold (e.g., a local
gamma visual threshold), as shown below in Equation 17.
These two parameters adjust the threshold according to the
contrast in the local neighborhood of the pixel. This tech-
nique removes relatively dark regions in the background
when the contrast in the local neighborhood is low. In
Equation 17, v, and 7y, depend on the intensity characteristics

of the image under consideration and C is a constant.

Tt (Wonrean®(14C =V, Eg. 17.

[0094] According to yet another local thresholding
method of some embodiments, the VI may be employed.
The image may be divided to ys; number of blocks, where
¥s=koxk,o and ¥s=min . . . max. For each intensity level
block in VI its occurrence probability may be found using
Equation 18 below, where N is the total number of pixels in
the block.

)(S(i) i max Eq. 18
pi:Tpi>0, pr:l-

i=min

[0095] Letting the threshold be T, , for each block, the
blocks can be split into two sections. For example, the
cumulative probability of pixels in section 1 (i=min, . . .,
T, x) may be found as w,, and the cumulative probability
of pixels in section 2i=T,_,+1, ..., max) may be found as
w,. This is illustrated below in Equation 19:

Too b Eq. 19

w1 = Zpi;wz= Z Di-

i=min i:Tk7,k8+1
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[0096] The mean intensity values for both sections can be
individually calculated, as well as the total mean of each
block, using Equation 20:

LY max max Eq. 20
i pi .
H = Z w_,llz= Z W_,HT= lei-
i=min L El gl i=min

[0097] The variance can then be computed for each block
using Equation 21:

Eq. 21

[0098] Visual threshold optimization can then be applied
to each block. For example, the optimal threshold may be
obtained by minimizing (via Equation 22) or maximizing
(via Equation 23) the variances.

Topeiyy=AT: gmin{GZXS}

Eq. 22.

Topt(x5>:Argmax{62x5} Eq. 23.
[0099] Yet another technique to threshold an image is by
changing the window sizes, thus providing a multi-window
binarization method. For example, suppose a threshold T, is
computed using any of the above-mentioned techniques
using a window size ¥ and another threshold T, is computed
using window size ¥,. These thresholds can then be com-
bined using Equation 24 below. Similar techniques using
classical operators have been presented in Kim, In-Jung,
“Multi-window binarization of camera image for document
recognition,” Frontiers in Handwriting Recognition (2004).

T,,=uT)®(1-1)T,

opt=

Eq. 24.

[0100] Additionally, to calculate the threshold, other opti-
mization algorithms may be used such as, but not limited to,
those described in Agaian, Sos, and Mehdi Roopaei, “New
haze removal scheme and novel measure of enhancement,”
Cybernetics (CYBCONF), 2013 IEEE International Confer-
ence, IEEE (2013); Sezgin, Mehmet, “Survey over image
thresholding techniques and quantitative performance evalu-
ation,” Journal of Electronic imaging 13.1: 146-168 (2004)
(this paper reviews many existing thresholding techniques;
any of these thresholding techniques can be used with
embodiments of the disclosure); An improved scheme for
minimum cross entropy threshold selection based on genetic
algorithm, Knowledge-Based Systems, Volume 24, Issue
8:1131-1138 (December 2011) (providing recursive algo-
rithms, etc.); and Jiao, X., and T. Wu, “A visual consistent
adaptive image thresholding method,” The Imaging Science
Journal 64.1:34-49 (2016).

[0101] Referring back to FIG. 3, the optimal local visual
threshold (computed using any of the techniques described
above) may be used to binarize the input image at step 66.
More specifically, the threshold can be applied on the
original image to binarize the image. For example, an
optimization algorithm using the optimal threshold can be
applied using Equation 25 below. In Equation 25, p is a
constant and depends on the intensity of the original image.
The binarized image, B(x, y), is then output at step 68.
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1 1%, y) = pX Top(x, ¥) Eq. 25

Bl )= {o 1% ) < pX T, )

[0102] FIGS. 6A-18 illustrate various examples of the
above binarization method. More specifically, FIG. 6A illus-
trates an example binarization method 50 receiving a stan-
dard 2D grayscale image 110 as input and outputting a
binarized image 112. FIG. 6B illustrates the original image
110 and the binarized image 112, obtained using Visual
morphological thresholding. In FIG. 6B, image 114 and
image 116 are the zoomed images obtained from the original
image 110 and the binarized image 112, respectively. As
shown in the images 114, 116, the eye pattern was accurately
segmented using the present technique. Moreover, the tech-
nique does not need any additional parameters to binarize
the image. FIG. 6B also illustrates the original image 118,
and the binarized image 120, obtained by applying a local
thresholding method using Equation 17 above. Additionally,
in FIG. 6B, image 122 is an image obtained after applying
an HVSO operator. FIG. 7 illustrates another example of an
input grayscale image 124, proposed binarization 126 and
additional input and proposed binarizations 128-132 in
accordance with the methods of the present disclosure. FIG.
8 illustrates an example binarization method 50 receiving a
standard 2D color image 134 as input and outputting a
binarized image 136. As shown in FIG. 8, the color space
conversion step 54 outputs three channels 138, 140, 142 for
selection at step 56.

[0103] The binarization methods herein may also be used
with biological image data. For example, FIGS. 9 and 10
illustrate example binarization methods 50 receiving a foot-
print image 150 and a palm print image 152 as input,
respectively. FIG. 11A illustrates an example binarization
method 50 receiving a fingerprint image 154 as input and
outputting a binarized image 156. FIG. 11B illustrates
additional input fingerprint images 158 and proposed bina-
rizations 160. FIG. 11C illustrates a diagram comparing an
input fingerprint image 158 and proposed binarizations 160
using methods of the present disclosure (image B), bina-
rization methods described by Bernsen et al. (image C),
binarization methods described by Nilback et al. (image D),
binarization methods described by Wolf et al. (image E), and
binarization methods described by Sauvola et al. (image F).
As shown in FIG. 11C, methods of the present disclosure
provide a superior binarized image (image B), compared to
previous methods (images C-F), which, in this application,
can facilitate better feature detection within the fingerprint
and lead to superior matching.

[0104] Furthermore, with respect to biological image data,
FIG. 12 illustrates an example binarization method 50
receiving an x-ray image 180 as input. FIG. 13 illustrates an
example binarization method 50 receiving a mammogram
image 182 as input. FIG. 14A illustrates an example bina-
rization method 50 receiving a histopathology image 184 as
input. FIG. 14B illustrates original histopathology images
186 and output binarized images 188. FIG. 15 illustrates an
example binarization method 50 receiving a phase contrast
microscopy image 194 as input.

[0105] The binarization methods herein may also be used
with other types of images. For example, FIG. 16A illus-
trates an example binarization method 50 receiving a text
recognition image 196 as input. By way of example, the
image 196 may be obtained from a scanner or other suitable
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source, and/or may be acquired using the image acquisition
methods described herein. FIG. 16B illustrates additional
input text recognition images 198 and proposed binariza-
tions 200. Additionally, FIG. 17 illustrates an example
binarization method 50 receiving a visible image 202 and a
near infrared image 204 as inputs. FIG. 18 illustrates an
example binarization method 50 receiving a thermal image
206 as input. It should be noted that any of the above-
described examples of FIGS. 6A-18 may equally apply to
videos or other types of multimedia content.

[0106] Furthermore, in some embodiments, image recol-
oring may be used to transfer ambience (color) between
images by extracting the color information from a reference
image and applying it on target images. This technique can
be used in various fields after binarization to improve
interpretability or perception of information in images. For
example, in medical imaging, this technique helps in expos-
ing prominent features required for diagnosis (e.g., by better
illustrating tumors or an organ to help medical personnel
distinguish pertinent information quickly).

[0107] In light of the above, the presented thresholding
system of some embodiments may provide an improvement
over existing techniques due to: a) removal of short- and
long-tailed types of noise due to the usage of single and
double alpha window mean; b) segmentation being depen-
dent on the visibility image; c) segmentation being density
dependent; and/or d) the present methods applying the
concept of a human visual system (HVS).

[0108] According to some embodiments, the present dis-
closure includes methods for background/foreground seg-
mentation, which may build on the binarization and thresh-
olding methods described above with respect to FIGS. 3-5.
For example, FIG. 19 illustrates a method 210 for image
segmentation according to some embodiments. The method
210 can be used with, for example, grayscale, color, thermal,
visible and near infrared, or other types of images. Gener-
ally, as shown in FIG. 19, the method 210 can include
receiving a visibility image, Iy, x=1,2,3,..., Xand y=1,
2,3,....Y, where X and Y are the dimensions of the image,
as input (step 212), dividing the image into ¥, number of
blocks, where y,=k-Xkg and ¥,=1, 2 . . . N (step 214),
computing grey level densities of each block (step 216),
applying an optimization algorithm to each block (step 218),
and obtaining a local visual threshold (which may be con-
sidered a local adaptive threshold) (step 220). Using the
local adaptive threshold, a mask can be generated and
applied to the visibility image (step 222) to output fore-
ground and background images (steps 224 and 226, respec-
tively).

[0109] More specifically, at step 212, a visibility image is
received as input. The visibility image may be computed
from an original grayscale or color input image, as described
above (e.g., with respect to steps 52-62 of FIG. 3). Upon
receiving the visibility image at step 212, steps 214-220 can
generally follow steps 102-108 of FIG. 5, as described
above. Using the local visual threshold obtained at step 220,
a mask may be generated and applied to the original image
(at step 222) in order to output a foreground image (at step
224) and a background image (at step 224). By way of
example, FIGS. 20A and 20B illustrate sample original
images 230 and output background mask content 232 and
foreground mask content 234 created using the thresholding
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method 210 of FIG. 19, where the input images 230 of FIG.
20A are grayscale and the input images 230 of FIG. 20B are
color.

[0110] According to some embodiments, the present dis-
closure includes methods for image (or other multimedia
content) enhancement. These methods may be based on
pixel density of images, may build on the principles
described above with respect to the image binarization
methods, and can be used with, for example, grayscale,
color, thermal, visible and near infrared, or other types of
images. Furthermore, these methods may use a global visual
threshold.

[0111] For example, FIG. 21 illustrates a method 240 of
image enhancement and quality measurement, according to
some embodiments. Generally, as shown in FIG. 21, the
method 240 can include receiving an image as input (step
242), if needed, applying color space transformation to
obtain a grayscale input image (step 244), selecting a
required channel from the color space transformation (step
246), and computing a global visual threshold (step 248).
The method further includes performing multiscale visual
morphological equalization (step 250), measuring quality
(step 252) and checking for sufficient quality (step 254).
When the quality is insufficient, the method reverts back to
step 248 and repeats this loop until quality is sufficient.
When quality is sufficient, gamma correction is performed
(step 256) and exposure fusion is performed (step 258). An
enhanced image is then output at step 260.

[0112] More specifically, steps 242-246 may be similar to
steps 52-56 as described above with respect to FIG. 3. In
some embodiments, the input image received at step 242
may be an original image, or may be an input image already
processed via the binarization or segmentation method
described above. Once the color space is generated and a
channel selected at step 246, a global visual threshold is
computed at step 248. The global visual threshold may be
similar to the local visual morphological threshold described
above; however, local visual threshold techniques compute
an optimal threshold with respect to every pixel, whereas
global visual threshold techniques obtain an optimal thresh-
old considering an entire image.

[0113] For example, considering an image, Ly x=1,2, 3,
....Xand y=1, 2, 3, ..., Y, where X and Y are the
dimensions of the image, the entire image can be sorted
depending on the pixel density. This can be formulated as
shown in Equation 26 below:

D, SDySD5 . . <Dy S . .. <D <D Eq. 26.

o1+ SPax

[0114] In Equation 26, D,,;,, m=min max stands for the
probability of density value, which can be defined as:
D, =r,xn, where n is the n gray level, and r,, is the total
number of times the pixel with intensity level n is repeated
in entire image. T may be defined as the global visual
morphological threshold between visual darkness, D, ..
and visual brightness, D Brighe TeZiONS. This can be described
as shown in Equations 27 and 28 below:

i Eq.28.
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-continued
max
i1 "

max
i D
in

Dprign =

[0115] Visual morphological thresholding, according to
some embodiments, can be defined as the distance between
visual darkness and visual brightness components in the
entire image. Using this definition, two sets of thresholds
can be computed (that is, a two-level threshold). For the first
threshold, T,, any of the equations provided from Equation
29 to Equation 31 can be selected. For the second threshold,
T,, any of the equations provided from Equation 32 to
Equation 34 can be selected. Generally, the constant 3 is
varied continuously until an enhanced image with good
quality is achieved.

7 B Eq. 29
A Dpa Dpar, 4
1y = Argmin{[a — Dk ]log[a AD—k]};
Dyignt Darigns
2 . ~ ~ f)Dark Eq. 30
Ty = Argming (6 * Dpar * Dgyignilogl 8 ——— | 4
Bright
. Eq. 31
=
Dpa Dpa Dgys D,
Argmin{[a —Dark ]1og(a —Dark ]@(a Bright ]1og[a Bright ]}
Darigns Drignt Dpark Dpark
7 7 Eq. 32
A Dpar Dpar !
Ty= Argmax[0 — Dark ]10g[0 AD—k]};
Dprighe Daright
. . . Dou Eq. 33
T = Argmax{ (8 * Dpay * Dyign Jlog) 6 ——— |5
Darigns
Eq. 34

Dark

Do D D
Dprigne Daright Dpark

[0116] According to another global thresholding method
of some embodiments, considering an image, I(x)y), x=1, 2,
3,....,Xand y=1,2,3,...,Y, where X and Y are the
dimensions of the image, for each intensity level in I, ), its
occurrence probability may be found using Equation 35
below, where N is the total number of pixels in the image.

Daright

T, = Argmax[a
Dpark

I & Eq. 35
pizﬁpi>0; Zpizl-

i=min

[0117] Letting the threshold be T, the cumulative prob-
ability of pixels in section 1 (i=min, . . ., T) may be found
as w,, and the cumulative probability of pixels in section 2
(=T+1, ..., max) may be found as w,. This is illustrated
below in Equation 36:

r Eq. 36

max
wy = Z pPiswa = Z Di-

=min =141

[0118] The mean intensity values for both sections can be
individually calculated, as well as the total mean, using
Equation 37:

10
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Eq. 37

max

Loipi. 5 ipi )
HL = Z w—l,llz= Z W_I,HT: lei'

i=min =71 i=min

[0119] The variance can then be computed using Equation
38:

Eq. 38

[0120] Two optimal thresholds, T, and T,, may then be
obtained by minimizing (via Equation 39) and maximizing
(via Equation 40) the variances, respectively.

T,=Argmin{c*} Eq. 39;

T,=Argmax{c>}

[0121] Referring back to FIG. 21, at step 250, Visual
Morphological Equalization (VME) is performed. To per-
form VME, the above thresholds can be used to subdivide
the image into, for example, three subsections. Notably, due
to the multiple thresholds used, this may be considered
multiscale VME. These subsections S, (where i=1, 2, 3) are
defined below in Equation 41, Equation 42, and Equation 43,
respectively.

Eq. 40.

S =min(Ix y)<I(x =T, Eq. 41;
S,=T,<Kx,y)<T, Eq. 42;
Sa=T,<I(x,y)<max(I(x,y)) Eq. 43.

[0122] These subsections can be considered to be in a
range of [R,,,, R,...J. and can be transformed using a
Histogram Equalization (HE), which may be defined below

in Equation 44. This maps the range from [R,,,. R,,,.] to
[Rmin’ Rma.x]
HE(Si):Rmin,i+[Rmax,i_Rmin,i]C(Si) Eq. 44.

[0123] In Equation 44, c(s;) is defined as the cumulative
distribution function (CDF) of each subsection. The CDF for
each subsection can be implemented, for example, as
described in Roopaei, Mehdi, et al, “Cross-entropy histo-
gram equalization,” Systems, Man and Cybernetics (SMC),
2014 IEEE International Conference, IEEE (2014). More
specifically, the CDF may be formulated as shown in Equa-
tion 45 to Equation 47:

o) = D p(Si=Ra) Eq. 45
Rij=s
(S: = Rit) = Pmax ¥ Eq. 46
RO S (LLLA
Rig=si Pmax — Pmin
ols;) = 05p(Si =) ) p(S; = R Eq. 47

Rijss;

[0124] Once the image is equalized using the above tech-
nique, the image may be considered the Visual Morphologi-
cal Enhanced Image (VMEI) (or Visual Morphological
Enhanced Video (VMEV)). Additionally, in some embodi-
ments, the above process can also be computed using the
procedure described in Panetta, Karen, et al, “Parameterized
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logarithmic framework for image enhancement,” IEEE
Transactions on Systems, Man, and Cybernetics, Part B
(Cybernetics) 41.2: 460-473 (2011).

[0125] At step 252, a quality measurement may be per-
formed, for example, using a method 270 as illustrated in
FIG. 22. Once the VME is performed, computing the quality
of the image is an important task in certain applications. The
quality measurement technique illustrated in FIG. 22 may be
considered a partial reference quality analysis. As shown in
FIG. 22, the method 270 generally includes receiving an
original image as input (step 272), if needed, applying color
space transformation to obtain a grayscale input image (step
274), selecting a required channel (step 276) and applying a
single window o-trim mean (step 278) and double window
o-trim mean (step 280) to compute a visibility image (step
280). The method 270 also includes computing a global
visual threshold (step 284) and performing multiscale visual
morphological equalization (step 286) to obtain an enhanced
image, that is, a VMEI (step 288). Using the visibility image
and the VMEI, quality measurement is performed (step 290)
and a quality score is output at step 292.

[0126] More specifically, in order to calculate a visibility
image, steps 272-282 can be similar to those steps 52-62
described above with respect to FIG. 3. Furthermore, in
order to create the VMEI, steps 284-286 can be similar to
those steps 248-250 described above with respect to FIG. 21.
At step 290, the means of the images are used to determine
a quality score, Q... This can be formulated as shown in
Equation 48 or Equation 49, where M, is the mean inten-
sity of the original image, M, is the mean intensity of the
visual image, and My,,, is the mean intensity of the visual
morphological enhanced image. The quality score is then
output at step 292.

M Eq. 48
Oscore = Myr X ( MV;Z] );
Mypyzr Eq. 49
Oscore = Myy X(— -
org

[0127] In some embodiments, the Q,.,,. can be calculated
using other techniques such as, but not limited to, those
described in Panetta, Karen, Arash Samani, and Sos Agaian,
“Choosing the optimal spatial domain measure of enhance-
ment for mammogram images,” Journal of Biomedical
Imaging 2014, 3 (2014); and Agaian, Sos, and Mehdi
Roopaei, “Method and systems for thermal image/video
measurements and processing,” U.S. patent application Ser.
No. 14/533,061.

assists in

[0128] Referring back to FIG. 21, the Q,_,,.

selecting a highly enhanced image. As such, steps 248-252
can be repeated until the best enhanced Q,,,,. is received, as
determined at step 254. That is, steps 248-252 can be
repeated until the Q,,,. is above a threshold value. In some
embodiments, this threshold value may be selected based on
a specific application. Accordingly, when the best enhanced
Q,core 1s received, the method 240 continues to step 256
using the best enhanced image.

[0129] In some cases, the best enhanced image may be
very bright or dark. Thus, a gamma correction technique can
be applied to provide sufficient visibly at step 256. An
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example gamma correction technique is illustrated below in
Equation 50:

I y)=(VMED" Eq. 50.

[0130] The gamma corrected image I can then be fused
with the original image at step 258. In some embodiments,
fusion can be accomplished using one of the following
methods: Nercessian, Shahan C., Karen A. Panetta, and Sos
S. Agaian, “Multiresolution Decomposition Schemes Using
the Parameterized Logarithmic Image Processing Model
with Application to Image Fusion,” EURASIP Journal on
Advances in Signal Processing, 2011.1:515084 (2011); Paul,
Sujoy, Ioana S. Sevcenco, and Panajotis Agathoklis, “Multi-
Exposure and Multi-Focus Image Fusion in Gradient
Domain,” Journal of Circuits, Systems and Computers,
25.10:1650123 (2016); Nercessian, Shahan C., Karen A.
Panetta, and Sos S. Agaian, “Multiscale Image Fusion Using
an Adaptive Similarity-Based Sensor Weighting Scheme and
Human Visual System-Inspired Contrast Measure,” Journal
of Electronic Imaging, 21.2:021112-1 (2012). However,
other fusion methods may also be contemplated in some
embodiments.

[0131] Following fusion at step 258, the best enhanced
image may be output at step 260. By way of example, FIGS.
23A, 23B, and 23C illustrate sample original images 300
and output proposed enhanced images 302 created using the
enhancement method 240 of FIG. 21, where the input
images 300 of FIGS. 23A and 23B are grayscale and the
input images 300 of FIG. 23C are color. In the illustrated
enhanced images 302, brightness, contrast, and/or other
features are improved compared to the original inputs 300.
Additionally, these enhanced images can be recolored to
expose prominent features undetected in the original image.
For example, in the mammogram image shown in FIG. 23B,
recoloring of the image may help in diagnosing microcal-
cifications, which may have gone undetected in the original
image. Similarly, recoloring of radiograph images in FIG.
23B may help in diagnosing cavities, hairline fractures etc.,
which may have gone undetected in the original images.
[0132] Additionally, the above methods can be used for
image classification and/or image brightness and darkness
equalization. For example, foreground and background seg-
mentation is dependent on a single threshold. However, the

number of thresholds (11 ) can be increased depending on the
application, and these thresholds can be used to partition

images into (1+1) clusters. These clusters can be classified
depending on the information and can be used for various
applications. For example, the radiograph image in FIG.
23B can be classified into clusters, which contain only teeth
information, jaw information, cavities, etc. Similarly, these
thresholds can be used to separate bright regions and dark
regions. For example, depending on the application, a par-
ticular (dark or bright) region can be chosen and HE or any
enhancement techniques can be applied for visualization.

[0133] With respect to the biometric authentication meth-
ods of the present invention, feature detection and extraction
techniques are extensively used in the field of computer
vision. These techniques have many applications including,
but not limited to, object classification, image matching,
image retrieval, etc. The extracted features can be catego-
rized into global and characteristic local features and certain
features may be preferable based on the application. For
example, for fingerprint matching, detecting local features
rather than global features may be preferable as only the
foreground image is generally considered, and background
information may be irrelevant. Local features in the fore-
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ground image may be points, edges, lines or segments
specific structures in the image. These features are also
known as corner points, key points or feature points.
[0134] Various feature detectors have been proposed
example detectors are described in the following paragraphs,
including a Difference of Gaussian detector, a Hessian
detector, a Multiscale Hessian detector, a Hessian Laplace
detector, a Harris Laplace detector, and a Multiscale Harris
detector. Furthermore, a comparative study of these detec-
tors is provided in Agaian, Sos S. et al, “A Comparative
Study of Image Feature Detection and Matching Algorithms
for Touchless Fingerprint Systems,” Electronic Imaging,
2016.15: 1-9 (2016).

[0135] With respect to a Difference of Gaussian (DoG)
detector, Lindeberg, (Lindeberg, Tony, “Feature Detection
with Automatic Scale Selection,” International Journal of
Computer Vision, 30.2: 79-116 (1998)) proposed using the
local extrema Laplacian-of-Gaussian (LoG) as the point of
interest. On this same principle, Lowe proposed a DoG
detector, which is a rotation, translation, and scale invariant
feature detector. The general process for detection includes
detecting extrema in the scale space, i.e., over multiple
scales and locations, and selecting key points based on a
measure of stability. First, an image scale space is generated
by convolving a Gaussian kernel at different scales to the
image. Next, the produced scale space is divided into a
number of octaves, and each generated octave is again
convolved with the Gaussian to create a set of scale space
image for that particular octave. The DoG is obtained by
subtracting adjacent sub-octave scale spaces and, to proceed
to a next octave, the Gaussian image is down-sampled by
two. The maxima and minima of DoG in scale space are
detected by comparing each point with eight neighbors in
the current image and nine neighbors each in the scales
above and below. This can be visualized in FIG. 24.

[0136] In another example, a PLIP based Hessian detector
is used to identify locations in an image that exhibits strong
derivatives in two orthogonal directions. The PLIP based
Hessian matrix for an image I can be represented as:

JA
Ly I,

[0137] In the above equations, I, [, and I are the
second order derivatives of image intensity obtained using
PLIP operations as described in Agaian, S. S., Panetta, K. A.,
& Nercessian, S. C. (2011). Image fusion using a param-
eterized logarithmic image processing framework. In Image
Fusion. InTech. The extrema of the D measure in a local
neighborhood is used for interest point detection. A scale
space representation is built by convolving the image with
Gaussians of increasing size. For scale invariance, a factor
62 is multiplied with the Hessian matrix, where G represents
the scale of the image. See, for example, Tuytelaars, Tinne,
and Krystian Mikolajczyk, “Local Invariant Feature Detec-
tors: A Survey,” Foundations and Trends in Computer
Graphics and Vision, 3.3:177-280 (2008).

[0138] Additionally, a multi-scale Hessian detector is used
to find keypoints when the image dimensions are different.
This uses multiple scales to detect the interest points, and the
interest points are detected using the eigenvalues of the
Hessian.

Eq. 51

jav
1l
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[0139] In another example, a Hessian-Laplace detector
was proposed by Mikolajezyk, Krystian, and Cordelia
Schmid (“An Affine Invariant Interest Point Detector,” Com-
puter Vision—ECCV 2002, 128-142 (2002)). This detector
is a scale invariant detector that detects points using blobs in
an image. The detector uses the Hessian matrix (see Equa-
tion 51, above) to locate points in space and the Laplacian
function to compute their scale. The Laplacian function can
be expressed as:

Laplacian(x;6 p)=IT (5,6 ,)BL (x;6 )] Eq. 52
[0140] where I, and [ are the second order derivatives
from Equation 51. This detector is invariant to rotation and
scale changes.

[0141] In yet another example, a Harris Laplace detector
was proposed for better discriminative power when com-
pared to DoG operators. This detector combines the speci-
ficity for corner-like structures available from a Harris
operator with a scale selection mechanism. In this detection
process, two separate scales are built for Harris as well as
Laplacian functions. Points are selected in such a way that
the Harris function localizes the candidate points one each
scale and selects points which Laplacian function simulta-
neously reach extremum over scales. See, for example, K.
Grauman and B. Leibe, “Visual object recognition,” Syn-
thesis lectures on artificial intelligence and machine learn-
ing, 5:1-181(2011). These detectors are invariant to rotation,
scale changes, illumination, and camera noise.

[0142] Additionally, in a Multiscale Harris detector, the
Harris corner indicator is applied at successive integration
scales when the images are of different dimensions. This
detector determines many points which repeat in the neigh-
boring scales. In the Harris detector, an auto-correlation
matrix is used which ascertains feature detection. In addition
to these, other edge detection filters can be employed to
obtain the features, such as those described in Gao, Chen,
Karen Panetta, and Sos Agaian. “New edge detection algo-
rithms using alpha weighted quadratic filter.” Systems, Man,
and Cybernetics (SMC), 2011 IEEE International Confer-
ence on. IEEE, 2011; and Panetta, Karen, et al. “A new
reference-based edge map quality measure.” [EEE Transac-
tions on Systems, Man, and Cybernetics: Systems 46.11
(2016): 1505-1517. An edge measure map, such as that
described in Panetta, Karen, et al, “Nonreference medical
image edge map measure.” Journal of Biomedical Imaging
2014 (2014): 2, can be employed with a Log(Harris) detector
to detect keypoints. Further, this can be applied on multi
scales to detect keypoints which have unique features and
can be used for matching purposes.

[0143] In sum, the types of features detected and their
invariance to different transforming entities for the above-
described detectors are provided in Table 1 below.

TABLE 1

Characteristics of Feature Detectors

Feature Detector (FD) Feature Rotation Scale
Type Detected Invariant Invariant
DoG Comer + Blob Yes Yes
Hessian Blob Yes No
Hessian Laplace Comer + Blob Yes Yes
Harris Laplace Comer + Blob Yes Yes
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TABLE 1-continued

Characteristics of Feature Detectors

Feature Detector (FD) Feature Rotation Scale
Type Detected Invariant Invariant
Multiscale Hessian Blob Yes No
Multiscale Harris Corner Yes No

[0144] In addition to the above-described detectors, a
SIFT descriptor is commonly used in the field of computer
vision. The SIFT descriptor was first presented by Lowe,
David G. “Distinctive Image Features from Scale-Invariant
Keypoints,” International Journal of Computer Vision, 60.2:
91-110 (2004). SIFT uses a combination of Difference of
Gaussians (DoG) interest region detector and a correspond-
ing feature descriptor to locate features in the image. This
detector can be replaced by different detectors mentioned
above, and they deliver good performance. The feature
vectors obtained from the detectors are unique, making it
invariant to complications such as rotation, translation, and
object scaling. In a SIFT descriptor, a localized set of
gradient orientation histograms are encoded with image
information thereby achieving robustness to lighting varia-
tions and minor shifts in the positions. The keypoint descrip-
tors are computed using the data obtained from either DoG
or one of the above-mentioned detectors. The image gradient
magnitude and orientation is sampled using a 16x16 grid
around the keypoint location using the region scale to select
the level of Gaussian blur. This sampled region with a proper
scale and rotation is further split into 4x4 square grid as
shown in FIG. 25. Every cell in this grid contains a histo-
gram with eight orientation bins. Each bin is given weight by
the magnitude of the corresponding pixel’s gradient and by
a circular Gaussian weighting function. See, for example,
Grauman, Kristen, and Bastian Leibe, “Visual Object Rec-
ognition,” Synthesis Lectures on Artificial Intelligence and
Machine Learning, 5.2:1-181 (2011).

[0145] Referring now to FIG. 26, a method 310 for
biometric authentication, according to some embodiments,
is provided. For example, the method 310 may be used for
biometric authentication such as, but not limited to, finger-
print, palm print, footprint, iris, facial, and tongue authen-
tication based on geometric features. The method 310 can be
used with, for example, grayscale, color, thermal, visible and
near infrared, or other types of biometric images (or other
multimedia content) and can build on the principles
described above with respect to the binarization, segmenta-
tion, enhancement, and quality control methods.

[0146] Generally, as shown in FIG. 26, the method 310
can include receiving a biometric image as input (step 312),
conducting initial image analytics (step 314), measuring
quality (step 316), enhancing the image (step 318), again
measuring quality (step 320), and checking for sufficient
quality (step 254). When the quality is insufficient, that is,
below a threshold, the method reverts back to step 312 and
repeats this loop until quality is sufficient. When quality is
sufficient (that is, above a threshold), an image template is
created (step 324), one or more existing templates are
retrieved (step 326), and the image and retrieved templates
are matched against each other (step 328). A report from the
matching step is then generated and output at step 330.

[0147] More specifically, at step 312, a biometric image is
retrieved as input. The image may be retrieved from storage
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(such as a cloud database 18) or may be directly acquired
from one or more sensors (e.g., of the system 10 or another
suitable system), as described above. At step 314, the image
may be pre-processed by performing, for example, the
above-described color space conversion, filtering, segmen-
tation and/or background removal (e.g., using the visual
morphological operators described above), and/or other ini-
tial processing.

[0148] At step 316, a first quality estimation of the initially
processed image is conducted, for example, via the quality
measurement methods described above with respect to FIG.
22. The initially processed image is then enhanced, for
example, using the image enhancement methods and visual
morphological equalization described above with respect to
FIG. 21, and a second quality estimation of the enhanced
image is conducted at step 320.

[0149] The quality estimations can assist in selecting a
highly enhanced image. As such, steps 312-320 may be
repeated until the quality estimation at step 320 is above a
set threshold, as determined at step 322. More specifically,
the initial quality assessment at step 316 can provide an
initial quality of the biometric images (e.g., to check if any
kind of enhancement required). If required, the image is
enhanced, and the quality is estimated again at step 320. If
the quality of the image obtained is not satisfactory, then the
image is captured again at step 312. In some embodiments,
this quality threshold may be stored in memory of a system
10 with processing circuitry 14 configured to execute the
steps described herein or accessed from external memory
(e.g., cloud storage 18). Once the image quality is above the
threshold, an image template is created using the finally
enhanced image at step 324.

[0150] At step 326, one or more existing templates can be
retrieved, for example, from internal or external memory
(such as the cloud database 18). The image template can then
be matched against the one or more existing templates at
step 328. For example, at step 328, the image template and
an existing template can be compared in order to authenti-
cate or verify an identity based on the original input image.
At step 330, a report or display indicating an output of the
matching step can be generated and output, such as, for
example, a yes/no or match/no match response, a response
including additional details about the matching step with
respect to the original image and the retrieved template(s),
a visual display of the match and detected features, and/or a
visual display of the matched retrieved template (e.g., if
multiple retrieved templates were considered during the
matching step). Other generated reports or displays may be
contemplated within the scope of this disclosure.

[0151] Referring back to the matching step 328, first, one
or more characteristic local features, also known as key-
points, can be detected using one or more of the feature
detectors described herein. Additionally, the SIFT descrip-
tor, as described above, may be used to describe the local
image feature points (e.g., depending on their texture). More
specifically, in some embodiments, different detectors are
employed on both the image template and the retrieved
template and the local image points, or keypoints, are
described using a common SIFT descriptor. In some
embodiments, detected and described keypoints can contain
the at least following attributes: 2D location, orientation,
scale, and description.

[0152] Once all the keypoints are described using SIFT for
the image template and the retrieved template, matching is
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performed. In one embodiment, the best match for each
keypoint detected is found by identifying its nearest neigh-
bor in a database of keypoints. For example, consider a
keypoint, k1, in image I, and a keypoint, k2, in template T
These two keypoints are successfully matched if the distance
between k1 and k2 is significantly smaller than any other
keypoint in T This significant distance is defined by a
threshold set during matching. It should be noted that,
during SIFT matching, erroneous matching points may
increase. Such errors may be eliminated by geometric veri-
fication. One example verification technique that uses a
RANSAC algorithm is described in Derpanis, Konstantinos
G. “Overview of the RANSAC Algorithm.” Image Roches-
ter N.Y. 4.1: 2-3 (2010). However, other verification tech-
niques may be used in some embodiments.

[0153] By way of example, FIG. 27 illustrates a matching
method 340 according to some embodiments. As shown in
FIG. 27, an image template is input at step 342 (such as the
image template created at step 324 of FIG. 26). One or more
retrieved templates are input at step 344 (such as the
retrieved template from step 326 of FIG. 26). At steps 346
and 347, feature extraction is performed for each of the
image template and the retrieved templates, respectively, for
example, using one or more of the above-described detectors
and keypoints are described using SIFT.

[0154] At step 352, homography is performed to compile
the templates together. For example, a similarity transfor-
mation can be calculated using Equation 53 below:

[ 1=l ]2

[0155] which includes a rotation by 0 an isotropic scaling
by s, and a translation by a vector (t,, t,). This transformation
is used to map all the SIFT detections in one image to the
other and, if a distance between the mapped detections are
within a threshold, they may be considered inliers. The count
of matched inliers can be checked and the transformation
with the highest count of inliers can be chosen.

[0156] After applying this algorithm, the inliers are con-
sistent with the transformation and are retained and most
mismatches are removed. Furthermore, as described above,
once geometric verification is conducted, all the erroneous
matches are removed, thereby providing a better matching
score (as described below).

[0157] At step 354, matching is performed using the
geometrically verified image templates. More specifically, a
matching score can be used to calculate the difference
between two images. In one example, the matching score,
MS, can be defined as shown in Equation 54 below:

Eq. 53

number of geometrically verified matches Eq. 54

max(NI, NT)

MS =

[0158] According to this definition, NI are the number of
keypoints in [ and NT are the number of keypoints in T. This
equation provides a matching score between 0 and 1, where
a score of 1 indicates that [ and T are perfect match and a
score of 0 indicates that I and T have no matching keypoints.
[0159] Once matching is completed, a report of the match-
ing can be output at step 356. This report can include the
matching score, a yes/no or match/no match indication (e.g.,
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a matching score above a threshold indicates a match, while
a matching score below the threshold indicates no match), or
other generated reports or displays. In some embodiments,
this report can be used as the output at step 330 of the
method 310 of FIG. 26, or can be used to generate the report
output at step 330.

[0160] In some aspects, matching a complete biometric
image with a partial biometric image can cause a bottleneck
towards achieving desired system performance. For
example, a database or cloud may contain full fingerprint
images or complete face images, but during crime scenes, in
most cases, only a partial fingerprint may be obtained. Also,
in the case of face recognition, a surveillance camera may
only provide partial face information. In these cases, image
completion using generative adversarial networks (GAN)
can be employed, as shown in the generative biometric
image completion method 360 of FIG. 28. This network was
first introduced by Goodfellow, L., Pouget-Abadie, ] Mirza,
M., Xu, B., Warde-Farley, D., Ozair, S., Courville, A. &
Bengio, Y. “Generative adversarial nets,” Advances in neu-
ral information processing systems, pp. 2672-2680 (2014).

[0161] As shown in FIG. 28, the basic concept of this
neural network is that it contains two networks, namely, a
generator network 362 and a discriminator network 364. The
generator network 362 can generate new data instances 366
(e.g., new synthetic images) using random noise 368. In
other words, the generator network 362 can take in random
values and return new data instances as complete images.
The discriminator network 364 can evaluate an authenticity
of the generated data instances based on the original input
image 342. These networks can be used to reconstruct
missing or masked regions in biometric images, generating
an output synthetic image 370 as a complete biometric
image. Accordingly, partial biometric images can be gener-
ated using GAN or any neural network or computer vision
technique that has the ability to generate images either as
precise as the original or appearing to be visually realistic.
Biometric matching can be performed using the generated
synthetic complete image (i.e., the output image 370). For
example, FIG. 29 illustrates a matching technique 372
similar to the matching technique of FIG. 27. More specifi-
cally, a partial image is input at step 342, generative bio-
metric image completion 360 is performed (as shown in
FIG. 28), and the matching technique can follow steps 344
to 356, as described above with respect to FIG. 27.

[0162] In yet another instance, FIG. 30 illustrates a
method 380 of 3D image authentication using 2D images
obtained from biometric sensors. This method may be
helpful, for example, with biometric sensor input from crime
scenes. As shown in FIG. 30, a 2D biometric image may be
input at step 382 and a 3D model of the biometric modality
may be generated at step 384. The 3D model may then be
fused or superimposed with the 2D image at step 386. The
output from step 386 can then be used with the matching
technique of steps 344 to 356 (as described above with
respect to FIG. 27) to authenticate an individual.

[0163] In yet another instance, FIG. 31 illustrates another
method 390 of biometric authentication. Images captured
from a single sensor, for example, a single video surveil-
lance camera can cause ambiguity due to occlusion or depth.
Thus, to overcome this, images can be captured from
multiple views or multiple sensors, for example from sur-
veillance cameras oriented at different angles of a street.
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These images can be mosaicked together to provide a better
view of the entire section considered.

[0164] As shown in FIG. 31, images from multi-views or
multiple sensors are obtained at step 392. Feature detection
and matching can be performed at step 394 using any of the
various detectors described above. Step 394 can also include
eliminating any irrelevant detected feature points. At step
396, homography estimation can be performed, for example,
using a RANSAC algorithm (in other words, step 396
includes executing the RANSAC algorithm to obtain
homography of the images). Next, at step 398, the images
are aligned together, and an alpha trimmed correlation is
performed, for example, as mentioned in Rao, Shishir P., et
al., “Alpha trimmed correlation for touchless finger image
mosaicking.” Mobile Multimedia/Image Processing, Secu-
rity, and Applications 2016, Vol. 9869, International Society
for Optics and Photonics, 2016. The alpha trimmed corre-
lation technique can be used to find an optimal seam line to
stitch. Referring still to step 398, these images are mosa-
icked at multiple levels to obtain a panoramic image. Addi-
tionally, multi-level blending can be performed, for
example, using a Gaussian pyramid, Laplacian pyramid, or
Steerable pyramid to construct a panoramic image. An
advantage of this technique is that the resulting panoramic
image preserves biometric information, which may be cru-
cial for individual authentication. In some applications, after
mosaicking, image segmentation can be performed to obtain
only a required or desired biometric trait(s) for identifica-
tion. Finally, at step 400, the biometric authentication pro-
cess described above with respect to FIG. 26 can be per-
formed using the final image (or the final image segment
based on the relevant biometric trait(s)).

[0165] An example of this is mosaicking method 390 is
illustrated in FIG. 32. More specifically, FIGS. 32A and 32B
are original images to be stitched (e.g., input at step 392),
FIGS. 32C and 32D are images with a seam line cut obtained
using an alpha-trimmed correlation technique (e.g., during
step 398), FIG. 32E is a final mosaicked image (e.g., an
output of step 398), and FIG. 32F is a zoomed section of the
final image, for example, to be used if the application
warrants only a required or desired section for matching.

[0166] The foregoing merely illustrates the principles of
the disclosure. Various modifications and alterations to the
described aspects will be apparent to those skilled in the art
in view of the teachings herein. It will thus be appreciated
that those skilled in the art will be able to devise numerous
systems, arrangements and methods which, although not
explicitly shown or described herein, embody the principles
of the disclosure and are thus within the spirit and scope of
the present disclosure. Further, the exemplary aspects
described herein can operate together with one another and
interchangeably therewith.

[0167] In addition, to the extent that the prior art knowl-
edge has not been explicitly incorporated by reference
herein above, it is explicitly being incorporated herein in its
entirety. All publications referenced herein above are incor-
porated herein by reference in their entireties. Additionally,
the following patents and publications are incorporated
herein by reference: US Patent Publication No. 2015/
0244946, U.S. Pat. No. 8,213,735; US Patent Publication
No. 2013/0170749; U.S. Pat. Nos. 8,144,986; 8,594,446, US
Patent Publication No. 2009/0196501; US Patent Publica-
tion No. 2010/0061629; and U.S. Pat. No. 6,775,405.
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1. A method of binarizing acquired input multimedia
content, the method comprising the steps of:

a) receiving the input multimedia content;

b) applying single window a-trim mean on one of the
input multimedia content and a transformed grayscale
channel of the input multimedia content;

¢) applying double window a-trim mean on one of the
input multimedia content and the transformed gray-
scale channel of the input multimedia content;

d) creating a visibility multimedia content using the single
window c-trim mean and the double window o-trim
mean;

e) determining a local visual threshold using the visibility
multimedia content and a visual morphological thresh-
olding method; and

f) generating a binarized multimedia content by applying
the local visual threshold on the input multimedia
content.

2. The method of claim 1 and further comprising, prior to
step b), performing a color space transformation on the input
multimedia content and selecting a channel from the trans-
formation to create the transformed grayscale channel of the
input multimedia content.

3. The method of claim 1 and further comprising, prior to
step b), performing a color space transformation using an
a-trim mean based principal component analysis (PCA)
conversion on the input multimedia content, and selecting a
channel from the transformation to create the transformed
grayscale channel of the input multimedia content.

4. The method of claim 1, wherein applying the single
window o-trim mean comprises:

dividing the input multimedia content into a plurality of
content blocks;

performing a local a-trim mean on each of the plurality of
content blocks; and

determining the single window a-trim mean, based on the
local o-trim means.

5. The method of claim 1, wherein applying the double

window o-trim mean comprises:

dividing the input multimedia content into a plurality of
content blocks;

performing a local a-trim mean on each of the plurality of
content blocks;

squaring a resulting a.-trim mean for each of the plurality
of content blocks;

dividing each squared result into a second plurality of
content blocks;

performing the local a-trim mean on each of the second
plurality of content blocks; and

determining a double window a.-trim mean, based on the
local a-trim means corresponding to the second plu-
rality of content blocks.

6. The method of claim 1, wherein determining a local

visual threshold comprises:

dividing the visibility multimedia content into a plurality
of content blocks;

determining a grey level density value for each of the
plurality of content blocks;

applying an optimization algorithm to each of the plural-
ity of content blocks; and

determining the local visual threshold.
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7. The method of claim 1, wherein the input multimedia
content is at least one forensic finger print image, and the
binarized multimedia content is at least one binarized foren-
sic finger print image.

8. The method of claim 1, wherein the input multimedia
content is at least one microscopy image, and the binarized
multimedia content is at least one binarized microscopy
image.

9. The method of claim 1, wherein the input multimedia
content is at least one 3D image, and the binarized multi-
media content is at least one binarized 3D image.

10. The method of claim 1, wherein the input multimedia
content is at least one X-ray image, and the binarized
multimedia content is at least one binarized X-ray image.

11. A method of segmenting an acquired multimedia
content, the method comprising the steps of:

a) receiving the multimedia content;

b) applying single window a-trim mean on one of the
multimedia content and a transformed grayscale chan-
nel of the multimedia content;

¢) applying double window c-trim mean on one of the
multimedia content and the transformed grayscale
channel of the multimedia content;

d) creating a visibility multimedia content using the single
window c-trim mean and the double window o-trim
mean;

e) determining a local visual threshold using the visibility
multimedia content and a visual morphological thresh-
olding method; and

) generating a mask based on the local visual threshold;
and

g) generating a foreground multimedia content and a
background multimedia content by applying the mask
to the multimedia content.

12. The method of claim 11, wherein applying the single

window o-trim mean comprises:

dividing the input multimedia content into a plurality of
content blocks;

performing a local c-trim mean on each of the plurality of
content blocks; and

determining the single window a-trim mean, based on the
local o-trim means.

13. A method of enhancing an acquired input multimedia

content, the method comprising the steps of:

a) receiving the input multimedia content;

b) determining a global visual threshold using the input
multimedia content and a visual morphological thresh-
olding method;

¢) creating a visual morphological enhanced multimedia
content (VMEI/'VMEV) by performing visual morpho-
logical equalization using the global visual threshold;

d) creating a gamma corrected multimedia content by
applying gamma correction to the VMEI/VMEYV; and

e) generating an enhanced multimedia content by fusing
together the gamma corrected image with the input
multimedia content.

14. The method of claim 13 and further comprising
determining a quality score of the VMEI/VMEY and repeat-
ing steps b) through c) until the quality score is above a
threshold value.

15. The method of claim 14, wherein determining the
quality score comprises:
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applying single window a-trim mean on one of the input
multimedia content and a transformed grayscale chan-
nel of the input multimedia content;

applying double window o-trim mean on one of the
multimedia content and a transformed grayscale chan-
nel of the multimedia content;

computing a visibility multimedia content using the single
window c-trim mean and the double window o-trim
mean; and

determining the quality score based on a mean intensity of
the input multimedia content, the visibility multimedia
content, and the VMEI/VMEV.

16. A method of authenticating a biometric multimedia

content, the method comprising the steps of:

a) receiving the biometric multimedia content;

b) determining a global visual threshold using the bio-
metric multimedia content and a visual morphological
thresholding method;

¢) creating a visual morphological enhanced multimedia
content (VMEI/'VMEV) by performing visual morpho-
logical equalization using the global visual threshold;

d) creating a gamma corrected multimedia content by
applying gamma correction to the VMEI/VMEYV;

e) generating an enhanced biometric multimedia content
by fusing together the gamma corrected multimedia
content with the biometric multimedia content;

f) creating a multimedia content template from the
enhanced biometric multimedia content;

g) obtaining a retrieved template;

h) matching the multimedia content template with the
retrieved template; and

i) generating a report based on step h).

17. The method of claim 16 and further comprising
determining a quality score of the VMEI/'VMEY and repeat-
ing steps b) through c) until the quality score is above a
threshold value.

18. The method of claim 16, wherein step h) comprises:

performing feature extraction on the multimedia content
template and the retrieved template to obtain multime-
dia content keypoints from the multimedia content
template and template keypoints from the retrieved
template;

applying homography on the multimedia content template
and the retrieved template; and

calculating a match score based on a number of matching
multimedia content keypoints and template keypoints.

19. The method of claim 16, wherein the biometric
multimedia content is an image or video containing one of
a fingerprint, a palm print, a footprint, a tongue image, a
face, and an iris.

20. The method of claim 16, wherein the biometric
multimedia content is a partial image or video, and further
comprising employing a generative biometric completion
technique comprising:

using a generator network which takes in random values
to return a generated image,

using a discriminator network that receives the generated
multimedia content and defines an authenticity of the
generated multimedia content, and

outputting the generated image as a complete biometric
multimedia content for use in steps b) and e).

21. The method of claim 16 and further comprising

obtaining images from multiple views or multiple sensors;
performing feature detection; performing matching; elimi-
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nating irrelevant feature points detected; executing a
RANSAC algorithm to obtain homography of the images;
applying an alpha-trimmed correlation technique to find an
optimal seam line to stitch; applying multi-level blending to
construct a panoramic image that preserves biometric infor-
mation; applying a segmentation technique to obtain rel-
evant biometric traits; and performing biometric authenti-
cation based on the relevant biometric traits.
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