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Abstract—This paper represents an algorithm for Feature Match, a summed up estimated approximate nearest neighbor field (ANNF)
calculation system, between a source and target image. The proposed calculation can estimate ANNF maps between any image sets, not as a
matter of course related. This generalization is accomplished through proper spatial-range changes. To register ANNF maps, worldwide shading
adjustment is connected as a reach change on the source picture. Image patches from the pair of pictures are approximated utilizing low-
dimensional elements, which are utilized alongside KD-tree to appraise the ANNF map. This ANNF guide is further enhanced in view of picture
coherency and spatial changes. The proposed generalization, empowers to handle a more extensive scope of vision applications, which have not
been handled utilizing the ANNF structure. Here one such application is outlined namely: optic plate discovery .This application manages
restorative imaging, where optic circles are found in retinal pictures utilizing a sound optic circle picture as regular target picture. ANNF
mappings is used in this application and is shown experimentally that the proposed approaches are faster and accurate, compared with the state-

of the-art techniques.

Index Terms—Approximate nearest neighbor field, optic disk detection.
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. INTRODUCTION

Approximate Nearest Neighbor Field (ANNF) calculations
are a late improvement in the image preparing group which
have increased wide notoriety, particularly in the illustrations
group, because of their quick calculation times. Despite the
fact that being broadly utilized by the representation group,
ANNF calculations have not been generally adjusted for
taking care of other image handling issues. One of the
principle purposes behind this is for ANNF calculations, a
related pair of image are ordinarily utilized, and in situations
where such related pair of images are not accessible,
distinctive districts from a solitary picture are utilized. In this
paper, the ANNF method is summed up past related picture
sets. This generalization expands the scope of the ANNF
computation to various image processing applications. Before
going into the details of how ANNF computations can be
adapted to various image processing problems, it has been
explained what is the ANNF computation problem, and how it
can be solved efficiently.

The issue of discovering nearest neighbor field (NNF) in
images, "Given a couple of images (target and source), for
each px p patch in the target image, locate the nearest patch in
the source image (least Euclidean distance, or some other
suitable measure)." This mapping, from each p x p patch in
target picture to source image is known as the NNF mapping.
This mapping between a couple of images or between a image
and an arrangement of images has been essential in various
applications. The many-sided quality, notwithstanding for a
moderately little picture size, say 800 X 600 pixels, where
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every picture has almost a large portion of a million pX p
patches, results in O(N2) == 200 billion calculations, if done
utilizing savage power! Contingent upon patch size and the
image estimate, these calculations take anyplace from a couple
of minutes to two or three hours.

Il. LITERATURE SURVEY

For NNF mapping, a hefty portion of the current correct
closest neighbor calculations like Bentley et al. [1], Sproull et
al. [2] can be utilized, by treating every p-by-p patch as a point
in p2 - dimensional Euclidean space. The disadvantage in this
arrangement depends on the perception that a p-by-p picture
patch is not only a p2 dimensional point, it has different spatial
components like edges, corners, surfaces and so forth.
Likewise there exists a spatial connection between
neighboring patches in a picture which is totally neglected in
this arrangement.

Neeraj et al. [3], tackled the NNF issue by taking the inborn
picture properties into thought, and demonstrated that vp-trees
give the best result in registering the closest neighbors. Be that
as it may, even the most ideal planning acquired by their
approximate nearest neighbor calculations is not intuitive (i.e.
calculation time of not exactly a moment). The following
coherent stride to accelerate the closest neighbor inquiry, is to
unwind the limitations on the calculations, which is
accomplished by presenting a _ error.

Rather than finding the careful closest neighbor, Approximate
Nearest Neighbor (ANN) calculations process the (1 + _)
closest neighbor. KD-tree look presented by Arya et al. [4] is
one such ANN strategy, which works in O(kd x log n) time (k-
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closest neighbors are found from n vectors of d-measurements
each). Another methodology depends on hash tables which
abuses the property that focuses which are near one another
have a higher likelihood of impacting. Area Sensitive Hashing
(LSH) [5] chips away at this premise for d-dimensional
focuses. Both these techniques were produced for d-
dimensional vectors, and don't mull over any image properties.
In Fig 1 demonstrates 2 optic images and the white circle
shows the keypoints. Here first image is the objective image
and the second image is the source image. Coherency
Sensitive Hashing (CSH) [6] extended the guideline of LSH to
images by taking a shot at p-by-p image fixes, and utilizing
image properties for a superior pursuit space inside the hash
tables. CSH was created as a change over Patch Match (PM)
[7] where the premise of the calculation was that images are
by and large reasonable, i.e., if two patches are comparative in
a couple of images, then their neighboring patches will
likewise be comparative. Despite the fact that PatchMatch has
been fruitful in processing ANNF maps at intelligent rates, a
repeating issue when managing p x p patches is the "scourge
of dimensionality," at the end of the day, "How to lessen the
measurement of a p xp patch?" [8]. Measurement decrease
turns into an imperative issue in light of the fact that the k-
closest neighbor issue in lower measurements has been tackled
precisely and rapidly by a hefty portion of the accessible
calculations like Bentley et al. [1], Sproull et al. [2] and so on.,
while the same issue in higher measurements turns out to be
verging on unconquerable. Since managing in higher
measurements has turned into a noteworthy obstruction, p-by-
p shading image is proposed where patches can be
approximated to low dimensional component vectors and after
that routine k-closest neighbor calculations can be utilized
viably on these element vectors. Routine k-closest neighbor
calculations don't contemplate any of the picture properties.
Because of this, image coherency is consolidated, as utilized
by Patch Match and CSH, into our proposed way to deal with
enhance the ANNF mapping acquired utilizing the diminished
measurement highlights.

Fig.1. Sample images with detected optic disk marked in white

1. APPLICATION USING ANNF

Having the capacity to perform ANNF calculations intuitively
has empowered a much more extensive extent of calculations
to be accessible at the transfer of craftsmen, illustrations
engineers and PC vision scientists. The accompanying is a
brief layout of the improvements which make utilization of
ANNF calculations.

1) Image Denoising: Expectedly picture denoising strategies
are all neighborhood smoothing channels (Eg: Mean, Median,
Gaussian channels). In non-neighborhood picture denoising, as
presented by Buades et al. [10], all the pixel qualities are
weighted and found the middle value of to denoise a solitary
pixel. The weight for each pixel is a function of the distance
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between its neighbourhood patch and that of the target pixel
neighbourhood patch.

Liu et al. [12] gave an expansion of the picture denoising
strategy to recordings. Later work by Cho et al. [13]
concentrated on deblurring of recordings caught utilizing
hand-held cameras.

2) Image Editing: Patch Match [7] amplified beforehand
existing image altering applications like picture and video
culmination by Simakov et al. [14]. Taking after are a couple
research improvements which broadened Patch Match and
made utilization of ANNF calculation for picture altering:

« Image Completion: In image fulfillment, openings which are
made by erasing objects of enthusiasm from the images are
filled utilizing rational patches from encompassing foundation
locales. Patch Match powers coherency and fulfillment as
required conditions when picking patches from the foundation,
in this way making an outwardly finish yield image. All the
more as of late, He et al. [15] watched that the insights of
counterbalances of comparable patches in a image are
inadequately conveyed. Utilizing these balances they fill the
openings in a image by consolidating a pile of moved images
by means of advancement. Moreover, Huang et al. [16]
created intelligent image finishing framework which took into
account culmination of different sorts of midlevel structures in
the images.

« Image Reshuffling: Image Reshuffling is the augmentation of
image fulfillment where an article is moved around. This
makes a gap in the underlying area of the article, which is
filled by image fulfillment methods.

» Image Retargeting: (also called content-mindful image
resizing or content-mindful image scaling) is generally used to
re-size images without mutilating essential image areas.
Wrinkle cutting [17] is one of the without a doubt
comprehended techniques for image retargeting where,
wrinkles in a photo are sorted out to be safely removed. Patch
Match enhanced this by coordinating requirements gave by
clients, to expressly keep certain shapes and areas from
misshaping while re-focusing on. Hu et al. [18] stretched out
picture re-focusing to recordings by using cross breed shift
maps rather than movement estimation to retarget recordings
productively. Nie et al. [19] likewise stretched out video
retargeting to twisting and video outline.

3) Texture Synthesis: Texture Synthesis has been one
noteworthy territory important to vision analysts. Efros et al.
[20] and Kwatra et al. [21] have taken a gander at augmenting
the utilization of ANNF calculation for productive surface
blend. These have all the more as of late been enhanced by
Wexler et al. [22].

4) Image Hybrids: By By rethinking the composition union
issue, Risser et al. [23] proposed a strategy to produce image
hybrids. The objective of which is to create subjectively
numerous half breed images from a given arrangement of
information images. Dissimilar to texture synthesis, the
principle point in hybridization is that the yield images are
nonstop and complete.

5) Dense Correspondence: HaCohen et al. [9], proposed a one
of a kind correspondence calculation making utilization of
Generalized Patch Match [24] which chips away at a couple of
information images. They use a coarse-to-fine plan to figure
the closest neighbor field, which are interleaved with fitting a
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worldwide shading show and totaling predictable coordinating
areas utilizing locally versatile imperatives.

IV. PROPOSED APPROACH

In proposed algorithm, called RANSAC [27] a colour
adaptation scheme is presented for colour images, following
which a lower dimension feature vector is presented to
approximate a p-by-p image patch. These features is used
with a basic KD-tree search to find the approximate nearest-
neighbour field (ANNF) between a pair of images as shown in
Fig. 2(a), 2(b) and (2¢).

GENERALISATION OF RANSAC ALGORITHM

The parameters can be estimated from N data items.

There are M data items in total.

The probability of a randomly selected data item being part of
a good model is Pg .

The probability that the algorithm will exit without finding a
good fit if one exists is Pf.

The algorithm:

Step 1 Selects N data items at random

Step 2 estimates parameter

Step 3 finds how many data items (of M) fit the model
with parameter vector within a user given
tolerance. Call this K.

if K is big enough, accept fit (Pg)and exit with
success.

Step 5 repeat 1to 4.

Step 6 fail(Pf) if you get here .

Step 4

The outcomes acquired from the KD-tree are then passed onto
a last phase of change utilizing the idea of coherency between
images. The investigation performed, demonstrates that the
strategy is a more precise than Patch Match [7] and CSH [6]
and impressively quicker than Patch Match.

|

Y
Fig 2(a) Target image., Fig 2(b) Source image.
Fig 2(c) Recoloured source image with features from source
image and colours from target image.

V. OPTICDISK DETECTION

Finding the area of optic plate in retinal pictures is a basic
stride in different programmed eye screening procedures.
Different existing strategies have taken a gander at this issue,
one such late improvement was proposed by Sinha et al. [36]
which utilizes L1 minimisation to locate the precise area of
optic circles. In the accompanying subsections FeatureMatch
is utilized on retinal pictures to gauge the area of optic plate.

ALGORITHM 1: OPTIC DISK DETECTION

Input: OD template(T) Query image/Test Sample(Q)
output: Location of optic disk(odz.ody)
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[WT,HT]<- size(T), [WQ,HQ]<- size(Q)

Likelihood map:L(x,y)=0; for all x € [0,WQ] and y
€[0,HQ]

annf_map=Feature Match(T,Q)

for all 0<=i<WT,0<=j<HT do

(x,y)=annf_map(i,j)

L(X,y)++;

End for

Output: {(Odx, Ody) :L(0dz,0dy)==max(L)}

A. Optic Disk Localization

In the ANNF definition, let image A (objective) be a layout
from an optic circle picture and B (source) be any imagee in
which OD is to be distinguished, then by finding the
Approximate Nearest-Neighbor Field it is discovered that
appropriation of patches in B which are nearest to patches in
format A. The area of source image patches utilized for
remaking target image demonstrates the area of the OD in
source image. The proposed OD identification calculation is
abridged in Algorithm 1. An extended version of this
algorithm is available at [37].

One of the real issues confronted amid OD discovery is the
amazing contrasts in image intensities which causes the ANNF
mapping to give mistaken results following the layout patches
can't be found in question image with adequate certainty. To
take care of this issue the images are pre-prepared with
versatile histogram leveling as proposed by Zuiderveld et al.
[38].

B. Proposed Method

As contribution to our calculation, solitary reference picture is
required which gives the format to optic circle (for our
experiments, we randomly chose a normal retinal image as
reference image). The template is manually extracted from the
grayscale reference image, after adaptive histogram
equalisation. The extracted OD image of size (WT , HT )
forms the common target image for our algorithm. A given
unknown query image,of size (WQ, HQ) is the source image.
The query image is additionally pre-prepared likewise, i.e.,
adaptively histogram balanced and changed over to grayscale.
To discover the OD area, we begin by initialising a probability
map L = 0 of size (WQ, HQ). For each layout patch T (i, j ),
Feature Match gives an ANNF mapping from T (i, j ) — Q(u,
V). Probability picture is found by finding the quantity of times
every patch at (u, v) in the inquiry picture is mapped to, i.e.,
L(u, v) = L(u, v) + 3; if T (i, j ) — Q(u, v) Using this
conveyance as the Likelihood outline, locale of maximal
probability (thickness) is found and the last OD area is
assessed. s

C. OD Evaluation

For experiment the publicly available DIARETDBO [39],
DIARETDB1 [40] and DRIVE [41] datasets are used. All the
programs were run on a 3.4 GHz processor using a single core
MATLAB implementation. While registering the ANNF
utilizing Feature-Match, a patch size of 8x8 pixels is utilized.
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For benchmarking the calculation, the OD is physically
fragmented and denoted the OD community for all the images
in the database to produce the ground truth.

Fig. 3. Images from DIARETDBO where our algorithm fails.
The failurewith last two images is addressed in Section 4-D

D. Rank Vs Performance

As can be found in Fig. 3, under compelling conditions,
calculation confounds the optic plate with exudates (brilliant
areas in last two images). To take care of this issue, rather than
simply giving a solitary yield numerous plausible areas are
created for OD identification positioned in light of the
likelihood of OD at that area.

VI. CONCLUSION

In this paper, ANNF calculation from a couple of related
images, to any pair of images is summed up. Particular cases
of this speculation are i) normal target image: ANNF mapping
is registered between a typical target image and any source
image, and ii) normal source image: ANNF mapping is
registered between any given target image and a solitary
regular source image. This speculation is acknowledged
through the proposed FeatureMatch strategy utilizing low
measurement highlights and worldwide shading adjustment.
The proposed approach utilizes different image elements to
register low dimensional estimate of the image patches.
Because of this low measurement representation, traditional
KD-tree quest is utilized for processing ANNF. This
speculation has been connected to two image preparing
applications to be specific i) Optic Disk detection and ii) Super
Resolution. This paper manages first application, a strategy for
distinguishing optic circles in retinal images utilizing a typical
target image is proposed. Tests demonstrate that the proposed
approach accomplishes about 30x speedup when contrasted
with best in class, with a recognition precision of 96 - 100%
on different datasets.
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