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TITLE OF THE INVENTION:

IMAGE RECOGNITION SYSTEM AND METHOD

BACKGROUND OF THE INVENTION

Field of the Invention |

[0001] The present invention relates generally to improved systems and methods for
image recognition. More particularly, the present invention relates to systems and
methods for pattern recognition in digital images. Even more particularly, the present
invention relates to systems and methods for performing image classification and
recognition functions utilizing a new and novel semi-metric distance measure called the
Poisson-Binomial Radius (PBR) based on the Poisson-Binomial distribution.
Description of the Related Art

[0002] Machine learning methods such as Support Vector Machines (SVM), principal
component analysis (PCA) and k-nearest neighbors (k-NN) use distance measures to
compare relative dissimilarities between data points. Choosing an appropriate distance
measure is fundamentally important. The most widely used measures are the sum of
squared distances (L or Euclidean) and the sum of absolufé a'iff’erences (Lior
Manhattan)r.

[0003] The question of which to use can be answered from a maximum likelihood
(ML) perspective. Briefly stated, L, is used for data which follows an i.i.d Gaussian-
distribution, whereas L is used in the case of i.i.d Laplace-distributed data. See [1], [2].
Consequently, when the underlying data distribution is known or well estimated, the

metric to be used can be determined.
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[0004] The problem arises when the probability distributidns for input variables are
unknown or non-identical. Taking image acquisition as an example, images captured by
modern digital cameras are always corrupted by noise. See [3]. For example, the
output of a charge-coupled device (CCD) sensor carries a variety of noise components
such as photon noise, fixed-pattern noise (FPN) along with thé useful signal. See [4].
Moreover, images are prone to corruption by noise during signal amplification and
transmission. See [5]. Some of the most common types of noise found in the literature
are additive, impulse or signal-dependent noise. However, the type and amount of noise
generated by modern digital cameras tends to depend on specific details such as the
brand and series name of the camera in addition to camera settings (aperture, shutter
speed, ISO). See [6]. Further, image file format conversions and file transfers resulting
in the loss of metadata can add to this problem. Even if the captured image appears to
be noise-free, it may still consist of noise components unnoticeable to the human eye.
See [7]. Given that feature descriptors are subject to such heterogeneous noise
sources, it is reasonable therefore to assume that such descriptors are independent but
non-identically distributed (i.n.i.d). See [8].

[0005] Inherent in most distance measures is the assumption that the input variables
are independent and identically distributed (i.i.d). Recent progress in biological
sequencing data analysis and other fields have demonstrated that in reality, input data
often does not follow the i.i.d assumption. Accounting for this discrepancy has been
shown to lead to more accurate decision-based algorithms.

[0006] Several threads have contributed to the development of semi-metric distance

measures. The first relates to the axioms which need to be satisfied by distance
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measures in order to qualify as distance metrics. These are the axioms of non-
negativity, symmetry, reflexivity and the triangle inequality. Measures which do not
satisfy the triangle inequality axiom are by definition called semi-metric distances.
[0007] Although diétance metrics are widely used in most applications, there have
been good reasons to doubt the necessity for some of the axioms, especially the
triangle equality. For example, it has been shown that the triangle inequality axiom is
violated in a statistically significant manner when human subjects are asked to perform
image recognition tasks. See [9]. In another example, distance scores produced by the
top performing algorithms for image recognition using the Labelled Faces in the Wild
(LFW) and Caltech101 datasets have also been shown to violate the triangle inequality. -
See [10].

[0008] Another thread involves the “curse of dimensionality.” As the number of
dimensions in feature space increases, the ratio of distances of the nearest and farthest
neighbors to any given query tends to com)erge to unity for most reasonable data
distributions and distance functions. See [11]. The poor contrast between data points
implies that nearest neighbor searches in high dimensional space become insignificant.
Consequently, the fractional L, semi-metric [12] was created as a means of preserving

contrast. If (x;,yi) is a sequence of i.i.d. random vectors, the L, distance is defined as:
?3,
Ly{x,y) = §z iz — g PP (1)
i=1

Taking p = 1 gives the Manhattan distance and p = 2, the Euclidean distance. For

values of p € (0,1), L, gives the fractional L, distance measure.
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[0009] In a template matching study for face and synthetic images comparing the L,
and L, distances, it was concluded that values of p € (0.25,0.75) outperformed L, when
images were degraded with noise and occlusions. See [13]. Other groups have also
used L, distance to match synthetic and real images. See [14]. The idea of using L,
distance for content-based image retrieval has been explored by Howarth et al [15] and
results suggest that p = 0.5 might yield improvements in retrieval performance and
consistently outperform both the L4 and L, norms.

[0010] Other semi-metric distances worth mentioning are the Dynamic Partial
Function (DPF) [16], Jeffrey Divergence (JD) [17] and Normalized Edit Distance (NED). -
[18].

[0011] To date, no distance measure has been demonstrated in péttern recognition

to handle i.n.i.d. distributions. Thus, there is a need for improved systems and methods

for pattern recognition.

SUMMARY OF THE INVENTION

[0012] According to the present invention, systems and methods for pattern
recognition are provided that utilize a new semi-metric distance which is called the
Poisson-Binomial Radius (PBR) based on the Poisson-Binomial distributidn. The
present invention provides numerous non-limiting advantages. For example, the
present invention includes a robust semi-metric which avoids the i.i.d. assumption and
accounts for i.n.i.d. feature descriptors and further demonstrates robustness to
degradation in noisy conditions. Moreover, the present invention improves the
efficiency of the pattern recognition device itself by reducing processing and improving

efficiency.
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[0013] According to aspects of the present inventbn, the systems and methods are
suitable for real-time applications. For example, according to embodiments of the
present invention, implementation features are parallelized using a Graphics Processing
Unit (GPU).

[0014]  According to other aspects of the present invention, a new classifier is
introduced which achieves high classification accuracies despite small training sample
sets. According to other aspects of the present invention, the classifier can be easily
generalized to handle more classes without need for a training phase or cross-validation
for optimization.

[0015] According to aspects of the present invention, a new distance measure for
pattern recognition is based on the Poisson-Binomial distribution, which avoids the
assumption that inputs are identically distributed. The inventors have tested this new
measure in experiments described herein. One experiment was a binary classification
téék to distinguish between digitized human and cat images, and another was the
identification of digitized images of ears compiled from two image libraries. In both these
experiments, the performance of this measure was compared against Euclidean,
Manhattan and fractional L, distance measures. Feature extraction for these two
experiments was accomplished using GPU-parallelized Histogram of Oriented
Gradients (HOG) to capture shape and textural information.

[0016] The inventors demonstrated that the present invention consistently
outperforms the pattern recognition methods using the prior art distance measures
mentioned above. Moreover, the results show that the proposed distance measure can

improve the effectiveness of machine learning algorithms.



WO 2016/043659 PCT/SG2015/050317

[0017] According to aspects of the present invention, an image classification system
is provided. The system includes a GPU for performing calculation of HOG features for
a received image and comparing the calculated HOG features to the store HOG
features of training images. The system classifies the image based on the closest
matching training image based on PBR.

[0018] According to aspects of the present invention, the image classification system
can be used to discriminate cancer cells from normal cells.

[0019] According to aspects of the present invention, the image classification system
can be used to match finger prints.

[0020] According to aspects of the present invention, the image classification system
can be used to idehtify rare variants in DNA or RNA sequencing data.

[0021] According to aspects of the present invention, the image classification system
can be used to recognize faces.

[0022] According to aspects of the present invention, PRICOLBP may be used as an
alternative to HOG. Similarly, SVM kernel may be used as an alternative to kNN.

[0023] Further applications and advantages of various embodiments of the present

invention are discussed below with reference to the drawing figures.

BRIEF DESCRIPTION OF THE DRAWINGS

[0024] FIGS. 1a and 1b illustrate the output probability mass function for DNA

sequencing analysis.

[0025] FIGS. 2a and 2b are example images from the (a) LFW dataset and (b) cat

dataset, respectively.
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[0026] FIG. 3ais a block diagram of exemplary implementation architecture for
image recognition according to an embodiment of the present invention.

[0027] FIG. 3bis a block diagram of exemplary implementation architecture for DNA
rare variant detection according to an embodiment of the present invention.

[0028] FIG. 3cis a basic flow chart for performing image recognition according to
embodiments of the present invention.

[0029] FIG. 4 is a graph of classification accuracy as a function of number of training
images.

[0030] FIG. 5is a bar graph of a comparison of computation time for the image
classification application using different distance measures.

[0031] FIGS. 6a and 6b illustrate Cumulative Matching Curves (CMCs) for the (a) lIT
Delhi 1 and (b) IT Delhi I databases, respectively.

[0032] FIGS. 7a and 7b illustrate the éffect of noise on rank-one recognition
performance for the (a) lIT Delhi | and (b) lIT Delhi Il databases, respectively.

[0033] While the present invention may be embodied in many different forms, a
number of illustrative embodiments are described next with reference to the above-
described figures, with the understanding that the present disclosure is to be considered
as providing examples of the principles of the invention and such examples are not

intended to limit the invention to preferred embodiments described herein and/or

iftustrated herein.

DETAILED DESCRIPTION OF THE PREFERRED EMBODIMENTS

[0034] The Poisson-Binomial distribution is defined by the probability mass function

for n successes given independent but non-identical probabilities (p1, . . ., pn) of
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success. These events exist ih a probability space (Q,F,P). The distribution is unimodal
with mean u being the summation of p; where i increments from 1 to N, and variance o?
being the summation of (1-p;)p; where i increments from 1 to N.

[0035] A special case of this distribution is the binomial distribution where p; has the
same value for all i. The Poisson-Binomial distribution may be used in a broad range of
fields such as biology, imaging, data mining, bioinformatics, and engineering. While it is
popular to approximate the Poisson-Binomial distribution to the Poisson distribution. |
This approximation is only valid when the input probabilities are small»as evident from

the bounds on the error defined by Le Cam’s theorem [19] given by

4

D P - =

Y
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where P(Q, ) gives the probability of n successes in the Poisson-Binomial domain and
A is the Poisson parameter.

[0036] The Poisson-Binomial distribution has found increasing use in research
applications. Shen et al [20] developed a machine learning approach for metabolite
identification from large molecular databases such as KEGG and PubChem. The
molecular fingerprint vector was treated as Poisson-Binomial distributed and the
resulting peak probability was used for candidate retrieval. Similarly, Lai et al. [21]
developed a statistical model to predict kinase substrates based on phosphorylation site
recognition. Importantly, the probability of observing matches to the consensus
sequences was calculated using the Poisson-Binomial distribution. Other groups [22],

[23] have used this distribution to identify genomic aberrations in tumor samples.
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[0037] Since the probability of an aberration event varies across samples, individual
DNA base positions are treated as independent Bernoulii trials with unequal success
probabilities for ascertaining the likelihood of a genetic aberration at every position in
each sample. Following the same reasoning, models to accurately call rare variants
[24], [25] have been proposed.

[0038] The present invention seeks, among other things, to improve the accuracy of
DNA sequencing analysis based on sequencing quality scores. Each Score made
available for every single sequenced DNA base reflects the probability that the output
value was correctly called. For example, if there are N independent reads for a
particular position, then sequence analysis software will generate a quality score q; for
each read at that position which takes into account the probability of read errors. The

implied probability of a correct read is given by

3
o

g . o7 - .
pi=1—1077 where i € [1, N| (3)

[0039] Because the identity of each sequenced position is called based on multiple
reads of the same position, sometimes numbering in the thousands, each read as a
Bernoulli event was treated and sought to build a probability distribution for each
sequenced position using the relevant quality scores for that position. Efficient ways to
compute this probability distribution were found and are described below.

[0040] Using Waring’s Theorem

[0041] Define p4, . . ., pn as describing independent but non-identical events which
exist in a probability space (Q, F, P). Zy is furthered defined as the sum of all unique k-

combinations drawn from p4, . . ., pn. Thus formally:
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Zy=">  [Ip ke{0,...N} &

where the intersection over the empty set is defined as Q. Thus Z; = 1 and the sum

runs over all subsets | of the indices 1, . . . ,N which contain exéctly k elements. For
example, if N = 3, then
Zy =p1+pa+pa

Lo = PPy + PPz + Po.py (5)
P 1-Pg + P1.p3 + Pa.pa ‘

[0042] Then define P(n) in terms of Zx by normalizing for all redundantly counted set
intersections using Waring’s theorem [26], which is a special case of the Schuette-

Nesbitt formula [27].

PR

A
s RN I
P, ) = Z( N Zu(~1)F ke{o,...,N} (6)
| — x?‘g’; k ‘

[0043] The inclusion-exclusion theorem is given by n =0. A scalable means of

computing Zy is described in Algorithm 1.

10
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Algorithm 1 Recursive Waring Algorithm

Input: P ={p, e E™}"_ :a probability vector

Output: Calculate the values of Z i given an arbitrary
vector of probabilities

1 Cumm’mt an N x N upper triangular matrix A7 =

gsz; ]
2 ay, P

3 f@r%m’?mf@ do

5 forj=1to N do
& ks k-+ Aj—1,5—1
i g 5 4 é’?(&h 4

8 end for

g  Z; E N Ry

10 end for

[0044] The primary benefit of this approach is the exponentially rising discount in
time complexity with increasing values of N. This arises from the dynamic programming
character of the algorithm which groups calculations in blocks to minimize redundancy.
This self-similar recursive structure makes calculation feasible by avoiding combinatorial
explosion. Using this approach, the total number of blocks that need to be calculated
increases with N? and is described by the arithmetic sum N/2 * (1 + N).

[0045] Another advantage of this approach is the ability to compute the elements of
each column in parallel. This means that the time complexity decreases from O(N?)
without parallelization to O(N) with full parallelization implemented. Further improvement
may be made by calculating matrix elements in the reverse direction, thereby providing
a tandem method for parallel computation of matrix A", This is accomplished by using

two recursive functions, a;y = asn(Zi-1 — ai-1n) @nd aij = a4 . @jj+1/ Aqj+1 — @i-1),

11
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simultaneously in addition to the recursive function defined in Algorithm 1. The methods
described above provide an efficient means of generating joint probability mass

functions (p.m.f.). The case for N = 6 is demonstrated here with the Z series being

multiplied by the appropriate binomial coefficients.

(G =) G) =) (D) ~() ()
o 0 (B -0 &) -5 ©
o 0 0 () -() () -6 |
o0 0 0 (@ -6
0 0 0 0 0 (5 ~()

\\ o 0 0 0 0 0 ég} j

[0046] The same pmf may be generated using an alternative method described

below.
[0047] The Fast Fourier Transform
[0048] Using the same definitions as before, the probability of any particular

combination w can be written as the combinatorial product of occurring and non-

occurring events.

Pwy=]Tr JT 0-p) @)

i€l defv

[0049] If Q, is defined to be the corresponding sample space of all possible paired

sets of | and I resulting from n occurrences and N-n non-occurrences, then

12
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PO, =>" []w [] 1-») (8)

The above expression is intuitive as it is the summed probabilities of all possible
combinations of occurrences and non-occurrences. By observation, it is possible to

construct a polynomial to express P(Qn) as coefficients of an N-order polynomial.

N ’ M
Iz +0-p) =3 P(S)a" (9)
?x:} re=={l
[0050] The coefficients for the above polynomial may then by easily solved using

algorithms based on the Discrete Fourier Transform. The relevant coefficient vector may

be efficiently calculated as follows:

/ N ;
{?F{:zﬁ} = [FFT (H FET {i?g; 1~ fﬁ,{} ) {10
\k=1

[0051] Practically speaking, the vectors may be padded with leading zeros to a
power of two length and then iteratively processed in pairs using IFFT '(FFT(a) *
FFT(b)) where a and b represent any arbitrary pair of vectors. Using a GPU-
implementation of the Fast Fourier Transform (FFT), multiple inputs can be processed
in parallel using a simple scheme of interleaved inputs and de-convoluted outputs. This
function returns a list of tuples, where the i tuple contains the i" element from each of
the argument sequences or iterables.

[0052] DNA sequencing.

13
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[0053] One important application of the present invention is the analysis of next-
generation DNA sequencing datasets where thousands of reads have to be analyzed
per DNA base position. If a particular base position is mutated in cancer, then detection
of such variants would be an ideal diagnostic. In reality, variant DNA is often admixed
with normal DNA in low proportions and the challenge is to calculate statistical
confidence given two conflicting states detected at the same base position. This may
be accomplished by treating these conflicting states as Bernoulli events and
constructing p.m.f.s using either of the two methods described above. Example output is
illustrated in Figs. 1a and 1b.

[0054] Confidence intervals calculated from these p.m.f.s then allow a decision as to
whether evidence for the variant base state is sufficiently above a threshold of
significance. According to aspects of the present invention, similar principles can be
applied to pattern recognition applications, especially those pertaining to image
analysis. This can be supported by the fact that pixel intensity can only be considered
as a random variable and it does not have a true value, since it is governed by the laws
of quantum physics [28].

[0055] POISSON-BINOMIAL RADIUS SEMIMETRIC DISTANCE

[0056] Calculating confidence intervals for every pairwise distance comparison
would be computationally intensive in a large image dataset. To avoid this cost and
improve efficiency, a distance measure can be defined for independent but non-
identically distributed feature descriptors as follows:

[0057] Definition. Given two N dimensional feature vectors X = (a4, az, as, ...., an)

and Y = (b4, by, bs, ...., by) with p; = |a; — by|, the distance between the two vectors is

14
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PBo(X.Y) = P(Q)(N — m) (11)

where m is the mode and P(m) is the peak probability of the distribution. Darroch [29]

has previously shown that mode m may be bounded as follows:

i

7L, Hn<pint =
mo={nand/ora4+1, fnt s <plntl-— ”;i”i}%“’%“i

where 0 <n< N. This implies that m differs from the mean u by less than 1. Thus,

although the mode m is a local maximum, it is approximated by the mean p. This allows

PBL(X,Y) = P(Q)(N — ) (12)
[0058] A further refinement may be made by considering the excess kurtosis of the

Poisson-Binomial distribution which is given by

Y
Kurty  P(2,)] = — —6 (13)

rid] -
where o7 is the variance of the p.m.f. The inverse relationship between the peakness of
the distribution with 62 implies a similar relationship between P(Q,) andc. This inverse
relationship is also consistent with the work of Baillon et al [30] which established the

following sharp uniform upper bound for sums of Bernoulli trials.

P(§l,) < (14)

|3

where 1 is the upper bound constant. The implication of this inverse relationship is that
¢ can be adopted as a surrogate measure of P(Q,,), thereby avoiding the need to

15
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generate a p.m.f. for each distance calculation. Thus, the following semi-metric for
independent and non-identical feature descriptors can be defined.
[0059] Given two N dimensional feature vectors X = (a1, ag, as, ...., an) and Y = (by,

bo, bs, ...., bn) with p; = |a; — bj|, the Poisson-Binomial Radius distance between the two

vectors is
A z pi(1 —pi)
- oy g \ il e
PBR(X)Y)= N e S | {15}
}\5 v E;}fé

PBR(X, Y ) is a semi-metric. A function d : X x X — [0, 1] is semi-metric over a set X if it
satisfies the following properties for {x, y} X: (1) Non-negativity, d(x,y) >= 0; (2)
Symmetry property, d(x,y) = d(y,x); and 3) Reflexivity, d(x,x) = 0. PBR is a nonnegative
function and satisfies the reflexivity property. Because only absolute values are used,
PBR also satisfies the symmetry property. See Table 4 below showing that PBR and
PB, are equivalent distance measures for practical purposes. |

[0060] [IMAGE CLASSIFICATION APPLICATION

[0061] Image classification is a computer automated process of assigning a digital
image to a designated class based on an analysis of the digital content of the image
(e.g., analysis of pixel data). The most common use of such processes is in image
retrieval, or more specifically, content-based image retrieval (CBIR). CBIR is the
process of retrieving closely matched or similar images from one or more digital image
repositories based on automatically extracted features from the query image. It has

found numerous practical and useful applications in medical diagnosis, intellectual

16
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property, criminal investigation, remote sensing systems and picture archiving and
management systems. See [31].

[0062] The key objectives in any CBIR system are high retrieval accuracy and low
computational complexity (the present invention improves both). Implementing an image
classification step prior to image retrieval can increase retrieval accuracy. Moreover,
the computational complexity can also be reduced by this step.

[0063] Let Nt be the number of training images per class, N¢ the number of classes |
and Np the number of feature descriptors per image. The computational complexity of a
typical CBIR system is O(Nt *N¢c*Np+(Nt *Nc)°log(Nt *N¢)). See [34]. In contrast adding
a pre-classification step decreases complexity to O(Nc*Npelog(Nt *Np))+O(Nt *Np +N7
log(Nt )). The first term refers to image pre-classification using a Naive-Bayes nearest
neighbor classifier [35] and the second term refers to the CBIR process itself.

[0064] = To give some perspective, consider the case of Nt = 100, Nc =10 and Np =
-150. The computational complexity of the latter compared to the former results in an
increase in processing speed of 7 times. Thus, image pre-classification improves CBIR
performance.

[0065] The detection of cat heads and faces have attracted the recent interest of
researchers, reflecting their popularity on the internet and as human companions [36],
[37], [38], [39]. Cats present interesting challenges to pattern recognition. Although,
sharing a similar face geometry to humans, approaches for detecting human faces can’t
be directly applied to cats because of the high intra-class variation among the facial
features and textures of cats as compared to humans. The present invention is a PBR-

based classifier that can distinguish between the two.

17
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[0066] The Labelled Faces in the Wild (LFW) image dataset (Fig. 2a) was created by
the authors of [40], and the cat dataset (Fig. 2b) was created by the authors of ‘[36].
These consist of 13,233 human images and 9,997 cat images. In an example, within
each class, 70% of the images were randomly partitioned for training and the remaining
30% for testing.

[0067] According to aspects of the present invention, an image classification system
is shown in Fig. 3a that is capable of performing image classification as described
herein (see, also, basic process shown in Fig. 3c). As shown, the system includes a
graphics processor coupled with a host computing system (e.g., CPU), that has access
to memory (not shown). As shown in Fig. 3a, the Host is capable of accessing stored
images or image data for training images. As described below, each image is resized to
a standard size (e.g., 250 X 250 pixels) which can be selected based on the particular
application. After resizing, the Histogram of Oriented Gradients (HOG) is used for
feature extraction. The HOG data may be stored and accessed for each training image
so that it need not be created (or recreated) on the fly. The image to be classified (on
Fig. 3a, the test image) is received at the Host from an image source such as memory,
a network, or an image capture system (camera, scanner, or other imaging device). The
image is resized to the standard size. After resizing, the Histogram of Oriented |
Gradients (HOG) is used for feature extraction.

[0068] The HOG data is input into the GPU for further processing. Orientation is
computed and a histogram created. The histogram is normalized (as shown, by the
Host). PBR calculation is performed on both the training image data and the test image

data. Of course, the PBR calculation may be performed ahead of time for the training

18
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images and the results stored. Finally, comparisons are made to classify the image by
finding the closest match using the PBR results. For example, algorifhm 2 (below) may
be employed.

[0069] In one example, a GPU-parallelized version of Histogram of Oriented
Gradients (HOG) [41] was used for feature extraction. A classifier called adaptive local
mean-based k-nearest neighbor (ALMKNN) is used, which is a modification of a local
mean-based nonparametric classifier used in Mitani et al [42]. ALMKNN is partially
implemented on the GPU.

[0070] HOG features may be GPU-implemented using NVIDIAs Compute Unified
Device Architecture (CUDA) framework. HOG features were first described by Navneet
Dalal and Bill Triggs [41] as a mean‘s of abstracting appearance and shape by
representing the spatial distribution of gradients in an image. This has been applied in
pedestrian detection [43], vehicle detection [44] and gesture recognition [45]. According
to one embodiment, the rectangular-HOG (R-HOG) variant [46] is used as described
below.

[0071] According to another aspect of the present invention, a system and method
for DNA sequencing, such as rare variant detection, for example, in the case of a
tumor biopsy, may be provided. A vector X of sequencing quality probabilities is
from an input DNA sample at a single base position with sequencing depth d, such
that X = (x4,X2,X3, ....,Xax), and a similar vector Y from a reference‘ DNA sample
sequenced to depth d, such that Y = (y1y2,y3, .....Yay). Calculate the means (u4) and

standard deviations (o) for both vectors as follows

19
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1 o4y i
Hy = a; Zmij Yi Hx = Zewl Lq

oy = \/Z (1= wi)yi ox = x/}f:d%(l ;)T

[0072] To compare vectors X and Y, PBRss, can be defined to be the distance

between X and Y as follows:

PBR,(X,Y) = Tw-;iw;w
i Rl ¥/
[0073] HXx Hy |

[0074] A small {f’BRseq value indicates a greater likelihood of a tumor sample. For
the purposes of classification, a simple threshold 7 can be defined such that ‘sample
X is classified as a tumor if PBRseq < T but otherwise classified normal.

[0075] As shown in Fig. 3b, a system for DNA sequencing is provided. As shown in
Fig. 3b, the system is similar to the system of 3a, but implements the above method for
DNA sequencing using vector data. As shown, the input quality score vector as
described above is converted to an input probability vector, which can be accomplished
by the host. Reference probability‘ vectors can be provided ahead of time or calculated
by the host and provided to the GPU. The GPU is configured to receive the two
probability vectors and to compute the PBRse, distance between the input and
reference vectors. The’ distance is used to classify the DNA sequence and the host
outputs an indication of the assigned class.

[0076] Gradient computation.

[0077] Given an input image I(x, y), 1-D spatial derivatives Ix(x, y) and ly(x, y) may be
computed by applying gradient filters in x and y directions. The gradient magnitude

Mag(x, y) and orientation (x, y) for each pixel may be calculated using:
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3

Maglz.y} = V/ otz ) + Ly y)? (16)

O(z,y) = tan™ ([ MERTTIMERDY (17}

[0078] Histogram accumulation.

[0079] The histograms may be generated by accumulating the gradient magnitude of
each4 pixel into the corresponding orientation bins over local spatial regions called cells.
In order to reduce the effect of illumination and contrast, thke histograms are normalized
across the entire image. Finally, the HOG descriptor is formed by concatenating the
normalized histograms of all cells into a single vector.

[0080] In one example, the HOG algorithm described above was implemented using
the PyCUDA toolkit [47] version 2012.1 and version 5.0 of the NVIDIA CUDA Toolkit
and executed on a GeForce GTX 560 Ti graphics card. Each image was resized to 250
x 250 (62, 500 pixels) then subdivided equally into 25 cells, each 50 x 50 pixels. To
address 62,500 pixels, 65,536 threads are created in the GPU having 32 x 32 threads
per block and 8 x 8 blocks per grid. After allocating memory in both the host and GPU,
the kernel is launched.

[0081] Gradient magnitudes, orientations and the histogram may be calculated after
the histogram is transferred to the Host where normalization across the entire image is
carried out.

[0082] Classification module

[0083] Classifiers may be either parametric or non-parametric. vParametric classifiers
assume a statistical distribution for each class which is generally the normal distribution.

Training data is used only to construct the classification model and then completely
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discarded. Hence they are referred to as model-based classifiers or eager classifiers. In
comparison, non-parametric classifiers make no assumption about the probability
distribution of the data, classifying the testing tuple based only on stored training data
and are therefore also known as instance-based or lazy classifiers. The prototypical
example of a parametric classifier is the support vector machine (SVM) algorithm which
requires an intensive training phase of the classifier parameters [48], [49], [50] and
conversely, one of the most well-known non-parametric classifiers is the k-nearest
neighbor (kNN) classifier.

[0084] kNN [51] has been widely used in pattern recognition problems due to its
’simplicity and effectiveness. Moreover, it is considered to be one of the top ten
algorithms in data mining [52]. kNN assigns each query pattern a class associated with
the majorfty class label of its k-nearest neighbors in the training set. In binary (two-
class) classification problems, the value of k is usually an odd}number to avoid tied
votes. Even though kNN has several advantages such as the ability o handie a huge
number of classes, avoidance of over fitting and the absence of a training phase, it
suffers from three major drawbacks: (1) computational time, (2) the influence of outliers
[53] and (3) the need to choose k [54].

[0085] The first problem, time complexity, arises during the computation of distances
between the training set and query pattern, particularly when the size of the training set
is very large. This problem can be addressed by parallelizing kNN, reducing time
complexity to a constant O(1). This compares well to alternative implementations such
as search trees which are O(logN) in time. The second problem involves the influence

of outliers. To get around this problem, an approach focusing on local neighbors can be
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used. This type of approach, called LMKNN (Local Mean kNN) however, still carries the
problem of having to choose a value for k. Most of the time, k is chosen by cross |
validation techniques [55].

[0086] This is, however, time consuming and carries the risk of over fitting. Thus,
the present invention involves an algorithm where k is adaptively chosen, thus obviating
the need for a fixed k value. To put an upper bound on k, the general rule of thumb is
used, which is the square root of N, where N is the total training instances in T [56]. The
algorithm is referenced as the Adaptive LMKNN or ALMKNN.

[0087] The workings of this classifier are described in Algorithm 2.

Algorithm 2 ALMENN Algor xthm

Input Query pattere ;T == {u, }F’W’}nm ca TS o, o, o onrt M class labels | ke Mindmam number of
nearest nm‘?nbours, i.%(m: Maximum number of nearest neighbours; LE: Lower bound; U B: Upper bound
Output: Assign the class label of a query pattern to a nearest local mean vector among classes
1 Compute the distances between o to all #; belonging o T
2 Choose ki nearest neighbour in T, say Ty, (@)
3 Determine the number of neighbours in Ty, (#) for each class ¢
4 if all the members in T, (=) represents only one class ¢ then

5 Assign w to dass ¢

& else

7 while kpy < ke do

& connt 4 G

5 Calculate the local mean vector for each class o in set T, (2]
10 Caleulate the distances d; between 2 and each Jocal mean vector
11 Sort dy in ascending oxder o gel dy < dy < dy <y

12 Calculate the percentage dnmgg between the ﬁé&i@‘%i two distances dy and da
13 if percentage change > LB + (U8 ~ LB}/ (knar — B )) then
14 Assign =z to class cjds]

15 break while

i6 else

17 kmin ¢ B + 1

18 Cconat - conrtt 4 1

14 end if

20 end while
21 else

22 Calenlate local mean vector for each class o in set Ty, (2]
23 Calewlate the distances d; between x and each local mean vector
24 Assign 2 to the class ¢, with a nearest local mean vector

25 end if

[0088] With 16,261 (N in T) training instances, the limits on neighbors, kmin and Kmax,
may be defined as 20 and 127 (floor of VN) respectively. A lower bound (LB) and upper
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bound (UB) may be defined for decision-making to be 2% and 50% respectively. The
first step of distance computation maybe implemented in GPU using CUDAMat [57].
The rest of the algorithm was implemented in CPU (Host). There is no training phase
and HOG descriptors for the training images are stored in memory.

[0089] Classification performance

[0090] Using ALMKNN as the framework, the various distance measures were
evaluated side-by-side, namely PBR, Lg 1, Lo s, L1 and L,. Classification accuracy of the
present invention was averaged over six runs of repeated random sub-sampling
validation and these results are shown in Fig. 4. interestingly, PBR and L4 were nearly
identical in accuracy, easily outperforming the other distance measures. Euclidean
distance was able to perform marginally better with a small training set but quickly lost
out as the number of training images increased.

[0091] Effect of noise:

[0092] To test if PBR would be more resistant to noise degradation compared to
other distance measures, both training and testing images were corrupted with salt and
_pepper noise of increasing density, d. At d = 0, PBR significantly outperformed all
distance measures except L1. However, consistent with our hypothesis, PBR
significantly outperformed all distance measures including L1 when even a minimal

amount of noise (d = 0.05) was added (Table 1).

Maoise Ly Ly s Ly Lo FPER
fevel (d)
.00 0.9758" 1, 9800~ 0.9916 - {Lasggr 0.9918
0.08 aoe1” {.u246% 0.9a05" 0.9224% (.8330
0.25 {L834R" {1.8548" 085727 (.84437 0.8607
050 (. 7aas” 0,820 0.8326% g.s202° 0.8364
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TABLE 1: A comparison of AUC achieved by the 5 methods.

[0093] The Area Under the Curve (AUC) for each method was averaged over 6
independent runs of repeated random sub-sampling validation. The Wilcoxon signed-
rank test with 95% confidence level was used to compare other methods with PBR.
Methods which performed significantly worse than PBR are highlighted with an asterisk
*. The highest AUC for each noise level is bolded.

[0094] Computation time

[0095] Computation time was measured on a 64-bit Intel Core i5-3470 CPU @

3.20GHz 12 GB RAM PC system running Ubuntu 12.04 LTS.

CPU (ms) GPU {ms) Speedup
Grab Image 0.007 ‘ - -
HolG 17.19 573 3
PBR Calculation 3ty 12,11 2.6
Classifier 1.37 - -
Total 50.26 19.21 26

TABLE 2: Average computation time for processing a 250 x 250 pixel image.

From Table 2, it can be seen that a GPU implementation of the present invention was
roughly 2.6 times faster than a purely CPU version. This speed up brings PBR almost
on par with L1 and L,. Computation time was further reduced by introducing the Nearest
Mean Classifier (NMC) (Algorithm 3) as a step before the ALMKNN classifier. A
confidence measure (CM) of 20% was used, meaning that the NMC result was used for

classification when the contrast between distances to the centroids exceedéd 20%.

25



WO 2016/043659 PCT/SG2015/050317

Algorithm 3 The Nearest Controid and ALMKNN Algorithm

Inpub Query pattern: 2 ;T = & P"“} ey 28 TS en eon o eass M class labels [ Ry Mirdmam number of
nearest neighbours; },;m E&%mmmm 1?1}?&13&‘1‘ of nearest neighbours; LB Lower bound; I7B: Upper bound;
M Qonizdmu& measure

Gukpn? Assign the class label of a query pattern to a nearest local mean vector among classes

1 Calculate ii@v local mean vector for each class ¢ belonging to 1

Caleulate the distances d; between v and each local mean vector using normalised Manhattan distance

measire

Sort di in ascending order to get d; < do < da.... < dps

Calculate the percentage &hciﬂ;&f between the nearest two distances d; and do

5 if percentage change » CM then

Assign » to (law efd:]
else
Assign o to class & wing ALMENN classifier

end if

nd

o Lk

(- B e B B S &

Accuracy results were exactly the same but computation time was significantly
improved, as shown in Fig. 5.

EAR BIOMETRICS APPLICATION

[0096] Biometric technology deals with automated methods of verifying the identity of
an individual using traits which may be physiological or behavioral. The field of
automated biometrics has made significant advances over the last decade with face,
fingerprints and iris biometrics having emerged as the most commonly implemented
modalities. No single biometric modality is free of shortcomings. Face biometrics for
example, has been extensively researched and but yet is prone to failure in sub-optimal
conditions [58], [59].

[0097] While fingerprints are complex enough in theory to give a unique signature, in
reality, fingerprint biometrics are not spoof-proof, sihce the system is vulnerable to
‘attack by fake fingerprints made of gelatin, silicon and Iafex [60]. Iris biometrics has
proven to be highly accurate and reliable but its performance deteriorates rapidly under
poor lighting, target movement, aging, partial occlusion by eyelids and sensitivity to

acquisition instance. This has motivated research into other traits which can overcome
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the problems of the more established biometrics. One of these new traits, ear biometrics
has received increasing attention for a host.of reasons.

1) Unlike faces and irises, ear shape is reasonably invariant over teenage and adult life.
Any changes generally occur before-the age of 8 and after 70 [61].

2) A controlled environment is not required for ear imaging because image context
takes its reference from the side of face.

3) Ear biometrics is able to distinguish between genetically identical twins whereas face
biometrics fails in this respect [62].

4) The ear has a more uniform distribution of color and less variability with facial
expressions.

[0098] According to aspects of the present invention, an ear recognition system is
providéd based on HOG features and PBR, in accordahce with the description above.
Databases that have been used are T Delhi Ear Databases | and Il [63]. There are 125
subjects and 493 images in HIT Delhi DB‘ 1; 221 subjects and 793 images in |[IT Delhi DB
2. |

[0099] The testing image for each subject in both the databases was randomly
picked and the remaining images were used for training.

Biometric analysis architecture

[00100] There are three main steps in an ear recognition system: (1) pre-
processing (2) feature extraction and (3) template matching. Histdgram equalizatioh
maybe used as a pre-processing step. Feature extraction may be as already described

above. According to aspects of the present invention, a matching module may search

27



WO 2016/043659 PCT/SG2015/050317

for the closest match among the training images. The images in these databases were
50 x 180 pixels and were resized to 50 x 50 pixels.

Recognition performance

[00101] Performance was evaluated using rank-one recognition accuracy. The
recognition result was averaged over ten runs. The mean and standard deviation of

rank-one recognition rate for all the distance measures are shown in Table 3.

TABLE 3: Rank-one recognition performance on [T
Delhi databases

T Delhi I T Delhi IT
PBE 929 4+ 1.7 93.0 -+ 1.2
Loa 90.7 + 2.4 90.3 + 1.3
Las 927 k18 93.0 4 1.1
L1 926 = 1.7 929 12
Loy B3 4 16 898 4 1.5
[00102] Cumulative Match Curves (CMCs) are used to measure performance for

biometric recognition systems and have been shown to be directly related to the
Receiver Operating Characteristic curve (ROC) in the context of performance
verification[64]. Hence, also shown are the CMCs for all the measures in Fig. 6.
Effect of noise:

[00103] In an experiment, the present invention was applied to training and test
images that were corrupted with salt and pepper noise of increasing density, d.
Comparisons are shown in Figs. 7a and 7b. It can be seen that all distance measures
except L, are stable over noise With L, performance degrading sharply with increasing
noise density d. |

Correlation between PBu and the distance measures:
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[00104] Taking the rank ordering of images matched by the various distance
measures to a defined test image, the correlation between PBu and the other measures
(i.e. PBR, Lo 1, Los, L1 and Ly) was taken. The results in Table 4 show that PBR‘and PB,
are highly correlated and rank order is virtually identical between these two distance
measures. This is consistent with PB,, and PBR being approximately equivalent‘ |

distance measures.

TABLE 4: Spearman rank correlation coefficient be-
tween FB, and other distance measures for one
testing umage

PBy
PBR (.9995
Lo (.8452
Lo.g 09887
Ly (19580
Lo 0.9738

KERNEL-BASED IMAGE CLASSIFICATION

[00105]  PBRis a distance metric accept different inputs (PRICOLBP, HOG) and
also work within different machine learning frameworks (KNN, SVM kernel).

[00106] Although SVMs (Support Vector Machines) require input data to be
independent and identically distributed, they are applied successfully in non-i.i.d
scenarios such as speech recognition, system diagnosis etc. [65]. Hence, SVM
framework may be employed to illustrate the efficiency of PBR distance in image

classification. To incorporate PBR into the SVM framework, the following generalized

form of RBF kernels is used [66]:
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Ko ppr(X.Y) =e P

[00107] Where p is a scaling parameter obtained using cross-validation and d(X,
Y) is the distance between two histograms X and Y. Distance may be defined using a
slightly modified fo»rm of PBR as follows:

Definition. Given two N dimensional feature vectors X = (a4, a, as, ...., ay) and Y = (by,
b, bs, ...., by) with p; = a;In(2a;/ (ai+b;)) + b;In( 2 b; / (ai+b;)), the distance between the
two vectors is:

N

Z;;?{i — ;)

d(X,Y) ==

N — E 1
i=1

[00108] The PBR kernel may be obtained by substituting d(X, Y) into the SVM

framework.

Experiments

[00109] The performance of the PBR distance kernel was evaluated in the
following six different applications: texture classification, scene classification, species,
material, leaf, and object recognition. The texture data sets are Brodatz [67], KTH-TIPS
[68], UMD [69] and Kylberg [70]. The scene classification application was based on the
Scene-15 [71] data set. For recognition tasks, the Leeds Butterfly [72], FMD [73],
Swedish Leaf [74] and Caltech-101 [75] data sets weré employed. For both
classification and recognition tasks, the dependence of performance on the number of
training images per class was evaluated. In each data set, n training images were

randomly selected, and the remaining for testing, except in the Caltech-101 data set
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where the number of test images was limited to 50 per class. All experiments were
repeated a hundred times for texture data sets and ten times for others. For each run,
the average accuracy per category was calculated. This result from the individual runs
was used to report the mean and standard deviation as the final results. Only the
grayscale intensity yalues for all data sets was used, even when color images were
available.

[00110] Multi-class classification was done using the one-vs-the-rest technique.
For each data set, the SVM hyper-parameters such as C and gamma was chosen by
cross-validation in the training set with

C e [272 218

o A

and
camma € 27, 2%
54 j}% gm P51 (step size 2).
[60111] ‘Recently, the Pairwise Rotation Invariant Co-occurrence Local Binary

Pattern (PRICoLBP) feature has been shown to be efficient and effective in a variety of
applications [76]. The significant attributes of this feature are rotational invariance and
effective capture of spatial context co-occurrence information. Hence, this feature was
used for experiments.

Texture Classificatioh

[00112] The Brodatz album is a popular benchmark texture data set which
contains 111 different texture classes. Each class comprises one image divided into

nine non-overlapping sub-images.
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[00113] The KTH-TIPS data set consists of 10 texture classes, with 81 images per
class. These images demonstrate high intra-class variability since they are captured at
nine scales under three different illumination directions and with three different poses.
[00114] The UMD texture data set contains 25 categories with 40 samples per
class. These uncalibrated, unregistered images are captured under significant viewpoint
and scale changes along with significant contrast differences.

[00115] The Kylberg data set has 28 texture classes of 160 unique samples per
clasé. The classes are homogeneous in terms of scale, illumination and directionality.
The ‘withbut’ rotated texture patches version of the data set were used.

[00116] = The 2, template configuration of PRICOLBP was used, which yielded
1,180 dimensional feature for all data sets. Experimental results are shown in Tables 5,
6, 7, and 8 for Brodatz, KTH-TIPS, UMD and Kylberg data ’sets respectively. From the
results, we observe that PBR consistently outperforms cﬁkthjveizvrhmethods when the number
of training images is iow and yields smaller standard deviations when compared to other
distance measures along with a higher classification rate.

[00117] TABLE 5 — Texture Classification Results (Percent) on Brodat
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Methods

Training images per class

i

At

3

PBER
BD
1D
2
Ly
Ly
Los
L1-BRD
HI
Hellinger

95.9 £ 0.6
95.6 £ 0.9

8929 4 0.8
93.1 £ 1.1
93.1 = 1.0
942 £ 09

96.8 = 0.5
96.6 = 0.5
96.6 £ 0.6
96.6 + 0.5
94.9 + 0.8
G523 £ 1.0
94.4 + 0.8
95.0 £ 0.9
95.0 £ 0.8
95.8 £ 0.6

[00118]
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TABLE 6 — TEXTURE CLASSIFICATION Results (Persent) on KTH-TIPS

Training images per class

Methods

[ 3
et

20

30

40

PBR
BD
1D
x*
Ly
Lz

Lo.s

L1-BRD
HI
Hellinger

R # 4]

RS I S

A A B
; oo Lo by e Ra 3
H B B H H H B H
I I S
o

~]
s
Y O TR e TS <L S s

Ga
o

943 = 1.6
941 £ 1.8
941 £ 1.8
94.0 = 1.9
923 £2.0
899 = 2.1
806 £ 21
923 £ 2.0
924 1+ 1.9
92.8 £ 19

97.3 £ 1.2
9721+ 1.2
971 £ 1.2
97.1 £ 1.1
959 + 1.3
944 £ 1.5
83.6 = 2.0
95.9 £ 1.3
958 = 1.2
96.3 £ 1.2

954 = 1.0
98.3 = 1.0
984 = 1.0
98.5 £ 1.1
976 £ 1.1
96.5 £ 1.2
844 £ 1.7
976 = 1.1
975 £ 1.2
978 £ 1.1

[00119]
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Training images per class

Methods

18

15

20

PBR
BD
1D

2
X

Ly
Lo
Los
L+-BRD
HI
Hellinger

90.4 = 2.0
901 &£ 2.4

900 £ 2.3
#98 £+ 25
867 + 2.6
waizg

%. :E {

549 £ 1.7
867 £ 2.5
866 + 2.6
869 + 24

95.6 £+ 1.2
952 +£ 1.2
955+ 14
955 + 14
935+ 1.5
89.7 £ 1.5
907 £ 1.3
935+ 15
934 = 1.

933 £ 1.5

‘&J‘!

97.4 £ 0.9
97.1 = 1.0
97.3 £ 1.0
97.3 = 1.0
958 4+ 1.0
931 = 1.3
928 £ 1.2
95.8 £ 1.0
958 + 1.0
957 £ 1.1

984 £ 0.8
Y83 £ 0.7
983 + (.8
971 = 0.9
950 + 1.2
943 = 1.1
971 £ 09
97.0 £ 0.9
Y7.0 = 1.0

[00120]

TABLE 8 — TEXTURE CLASSIFICATION Results (Persent) on Kylberg

Training images per class
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Leaf Recognition
[00121] The Swedish leaf data set contains 15 different Swedish tree species, with

75 images per species. These images exhibit high inter-class similarity and high intra-
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class geometric and photometric variations. We used the same PRICoLBP configuration
as for the texture data sets. It should be noted that we did not use the spatial layout |
prior information of leaves. Experimental results are shown in Table 9. We observe that
PBR yields more accurate results than other distance measures.

[00122] TABLE 9 — Recognition Results (Percent) on Swedish Leaf Data Set

Training images per class

Methods 5 10 25
PBER 957 £ 1.0 97.7 £ 0.7 997 £ 0.2
BD 945+ 17 972+ 11 996403
1D 939 4+ 19 972+07 996403
32 940 +19 972+£09 99603
Ly 922415 958412 988 %06
Lo 858 +£35 917418 97209
Loy 887 £ 15 922410 948 L1046

Li-BRD 9224+ 15 958412 988406
HI 916+ 16 956+13 988 +06

Hellinger 933 £ 14 967 =09 992 =205

Material Recognition

[00123] The Flickr Material Database (FMD) is a recently published challenging
benchmark data set for material recognition. The images in this database are manually
selected from Flickr photos and each image belongs to either one of 10 common
material categories, including fabric, foliage, glass, leather, metal, paper, plastic, stone,
water, and wood. Each category includes 100 images (50 close-up views and 50 object-
level views) which captures the appearance variation of real-world materials. Hence

these images have large intra-class variations and different illumination conditions. In
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effect, they are associated with segmentation masks which describe the location of the
object. These masks may be used to ethact PRICoLBP only from the object regions.
Specifically, the 6-template configuration may be used for PRICoLBP, which yielded a
3,540 dimensional feature vector.

[00124] Table 10 shows the dependence of recognition rates on the number of
training images per class of the FMD data set. It was obsefved that the PBR kernel
performs best followed by Bhattacharyya distance and Jeffrey divergence.

[00125] TABLE 10 — Experimental Results (Percent) on FMD Data Set

Training images per class

Methods 5 10 20 30 40 50
PBR 303+ 3.9 398 +21 474+ 18 51515 558+ 1.7 573422
BD 28657 385422 467 +£18 506420 5474 16 570 421
D 73439 386422 466420 5LOE24 554419 570420
% 2744+42 380417 459420 502424 545414 5644+ 18
Ly 253 449 351417 413+21 436+£20 475+16 513+19
La 220 4+34 282429 343412 366+10 399414 425422
Lo.s 163 +24 182+14 213413 21.3+14 239+13 239418

L{-BRD 251449 345423 411+24 436420 475+16 512419
HI 271+ 41 350220 420414 443420 478417 513417

Hellinger 285434 357+ 18 424+11 4454+20 492413 519x16

[00126] Note that in Table 11, PBR kernel is the top performer in 5 categories out
of all 10 categories, compared to other distance measure kernels.

[00127] TABLE 11 — Category-Wise Accuracy (Percent) on FMD Data Set
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Category  PBR  BD D 32

] HI
Fabric 466 47.0 466 462 392
Foliage 86,2 852 842 830 782
(GGlass 592 594 610 BBe 428
Leather 522 528 526 508 548
Metal 286 280 292 302 242

Paper 476 454 466 462 4h6

5

Plastic 528 518 506 498 484

 Stone 692 712 688 702 630
Water 708 A98 A9B8 696 612

Wood 61.0 608 604 596 542

Scene Classification

[00128] The Scene-15 data set contains a total of 4,485 images which is a
combination of several earlier data sets [71],[77],[78]. Each image in this data set
belongs to one of 15 categories, including bedroom, suburb, industrial, kitchen, living
room, coast, forest, highway, inside city, mountain, open country, street, tall building,
office, and store. The number of images per category varies from 210 to 410. These
images are of different resolutions, hence we resized the images to have the minimum
dimension of 256 pixels (while maintaining the aspect ratio).

[00129] We used 2, template configuration of the PRICoLBP but with two scales
(radius of neighbors: 1,2). Hence the dimensionality of the feature vector is 2,360. Table
12 shows the clagsification results of the different methods for varying number of
training images. We observe that PBR works best with a lower number of training
images and yields comparable performance with 100 training images per class.

[00130] TABLE 12 — Classification Results (Percent) on Scene-15 Data Set
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Training images per class
Methods 10 20 30 100
PBR 624 £ 19 696 =14 72410 79705
bBD 613 £20 621 X£15 72011 799+ 04
JD 614 £17 691214 71710 799106
2 6l +13 686+18 7194+£11 799+ 0.7
Ly 581 £ 1.2 656 +06 69108 774405
Ls 502+£27 582%£19 62417 730+£06
Las 433 £ 15 484+ 16 BH07£20 529456
Li-BRD 5824+ 11 65606 691208 7744£05
HI 581 +10 652x12 621+£08 773206
Hellinger 594 £ 14 668410 699x10 786=x07

Object Recognition

[00131] Caltech-101 data set is an important benchmark data set for object
recoénition. This contains 9,144 images under 102 categories (101 diverse classes and
one background class). The number of images per class varies from 31 to 800. These
images exhibit high intra-class variation and they also vary in dimensions. Hence, the
images were resized to have the minimum dimension of 256 pixels (while maintaining
the aspect ratio). 6 template configurations of the PRICoLBP were used along with two
scales (radius of neighbors: 1,2), which results in 7,080 dimension feature.

[00132] Table 13 shows the recognition accuracy of the different methods for
varying number of training images. One can observe that the results of the PBR
distance kernel is comparable to other distance measure based kernels.

[00133] TABLE 13 — Recognition Results (Percent) on Caltech-101Data Set
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Training images per class

Methods 10 20 30
PBR 3642  44.08 49.16
BD 3627 4388 4873
D 3633 43.98 49.15
2 36,22 44.03 49.10
Ly 3171 39.00 4418
Lo 2458  31.27 35.65
L1-BRD 3170 39.00 4418
HI 31.64 3896 44.07

Hellinger 3299 40.54 45.88

Species Recognition

[00134] The Leeds Butterfly data set consists of 832 images in total for 10
categories (species) of butterflies. The number of images in each category ranges from
55 to 100. They vary in terms of illumination, pose and dimensions. The images were
resized to have the minimum dimension of 256 pixels (while maintaining the aspect
ratio). The same setting of PRICoLBP was used as for the texture data sets. Table 14
shows the recognition accuracy of the different methods on thé Leeds Butterfly data set
for a varying number of training images. It can be observed that PBR kernel achieves
comparable performance compared to other distance measure based kernels.

[00135] TABLE 14 ~ Recognition Results (Percent) on Leeds Butterfly Data Set
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Training images per class
Methods 10 20 30 40
PBR 90.8 £ 16 945 08 957 =07 975+ 09
BD 902 £ 16 940 =x 11 5. 97.0 + 0.8
955 = U6

1D 897 4+ 24 944 £ 08 = 972 4+ 1.0
w2 897 +24 944 +12 95608 975408
Ly B 1.3 929 %12 94909 96.6+L 14
Lo 826 423 885411 91e6+£13 937419
Lo 689 +23 7344+£22 747 +£22 71418
Li-BRD 8823 4+£12 929+12 949+09 966+14
Hi 880124 930410 9009 967114
Hellinger 891 x£12 932+12 94=x12 9%8x12
[00136] Thus, a number of preferred embodiments have been fully described

above with reference to the drawing figures. According to aspects of the present
invention, systems and methods are provided that can improve the computational
efficiency, speed and accuracy of image recognition systems. Applications of the
present invention include medical systems such as medical diagnosis machines, DNA
sequencing machines, surgical robots, and other imaging systems. Other applications
could include machines for verifying biometric signature, criminal investigation systems,
such as finger print identification systems or face recognition systems. The skilled
person may recognize other new and useful applications of the above-described
inventions.
[00137]' Although the invention has been described based upon these preferred

embodiments, it would be apparent to those of skill in the art that certain modifications,

variations, and alternative constructions could be made to the described embodiments

within the spirit and scope of the invention.
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[00138] For example, users could be classified by, for example, user profiles, and
matching could be limited to users having a speciﬁed user profile.
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THE CLAIMS:

We claim:

1. A computer-implemented method for classifying a digital image, the method
comprising:

obtaining, from a host computer, feature data corresponding to the digital
image;

determining, by a graphics processing unit, a semi-metric distance based on a
Poisson-Binomial distribution between the feature data and one or more reference
feature data stored in a memory of the host computer; and

classifying the digital image using the determined semi-metric distance.

2. The method of claim 1, wherein the semi-metric distance is a Poisson-

Binomial Radius (PBR).

3. The method of claim 1, wherein classifying the digital image comprises

using a support vector machines (SVM) classifier.

4. The method of claim 1, wherein classifying the digital image comprises

using a k-nearest neighbor (kNN) classifier.

5. The method of claim 4, wherein the KNN classifier is an adaptive local

mean-based k-nearest neighbors (ALMKNN) classifier, wherein the value of the k-

nearest neighbors (k) is adaptively chosen.
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6. The method of claim 5, wherein the adaptive value of the k-nearest

neighbors does not exceed the square root of the number of the one or more

reference feature data.

7. The method of claim 1, wherein the obtained feature data and the one or
more reference feature data comprise Pairwise Rotation Invariant Co-occurrence

Local Binary Pattern (PRICoLBP) data.

8. The method of claim 1, wherein the obtained feature data and the one or

more reference feature data comprise Histogram of Oriented Gradients (HOG) data.

9. The method of claim 1, wherein the obtained feature data comprises an N-
dimensional feature vector X such that X = (a; . . . an) and the reference feature data
comprises an N-dimensional feature vector Y such that Y = (b; . . . by), and wherein

the determining the semi-metric distance (PBR(X,Y)) comprises calculating:

wherein N is an integer greater than 0,
o is the standard deviation of vector p,
K is the mean of vector p, and

Pi is |ai — bi|.
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10. The method of claim 1, wherein the digital image comprises information

corresponding to a DNA or RNA sequence, and the obtained feature data
comprises a vector X of sequencing quality probabilities for a first DNA or RNA
sample with a sequencing depth dx such that X = (X1 . . . Xgx) and the reference
feature data comprises a vector Y of sequencing probabilities for a reference DNA
or RNA sample with a sequencing depth dy such that Y = (y; . . . yay), and wherein

the determining the semi-metric distance (PBRseq) cOmprises calculating:

i oxOy
PBRseq(X,Y) = Tix — v

wherein [ xis a mean for vector X,
Hyis a mean for vector Y,
Ox is a standard deviation for vector X, and

Oy is a standard deviation for vector Y.

11. The method of claim 10, wherein the classifying the digital image comprises:
determining whether the semi-metric distance (PBRseg) iS greater than a
threshold value, and
classifying the DNA or RNA sequence as being a tumor or normal based on
the determining if the semi-metric distance (PBRseg) is greater than the threshold

value.

12. The method of claim 10, wherein classifying the digital image comprises

identifying a rare variant in the DNA or RNA sequence.
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13. The method of claim 1, further comprising:

determining a closest matching reference feature data of the one or more

reference feature data.

14.  The method of claim 13, further comprising:
identifying a person based on the determined closest matching reference
feature data, wherein the digital image comprises at least one of: an ear, a face, a

fingerprint, and an iris.

15. A system for classifying a digital image comprising:
a host computer comprising a processor, wherein the host computer is
coupled to a memory comprising one or more reference feature data; and
a graphics processing unit (GPU) comprising a processor,
wherein the GPU is coupled to the host computer and is configured to:
obtain, from the host computer, feature data corresponding to the
digital image;
access, from the memory, the one or more reference feature data,
determine a semi-metric distance based on a Poisson-Binomial
distribution between the feature data and the one or more reference feature
data;
wherein the host computer is configured to:

classify the digital image using the determined semi-metric distance.
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16. The system of claim 15, wherein the semi-metric distance is a Poisson-

Binomial Radius (PBR).

17. The system of claim 15, wherein the host computer is further configured to

classify the digital image using a support vector machines (SVM) classifier.

18. The system of claim 15, wherein the host computer is further configured

to classify the digital image using a k-nearest neighbor (KNN) classifier.

19. The system of claim 18, wherein the kNN classifier is an adaptive local
mean-based k-nearest neighbors (ALMKNN) classifier, wherein the value of the k-

nearest neighbors (k) is adaptively chosen.

20.  The system of claim 19, wherein the adaptive value of the k-nearest
neighbors (k) does not exceed the square root of the number of the one or more

reference feature data.

21. The system of claim 15, wherein the feature data and the one or more

reference feature data comprise Pairwise Rotation Invariant Co-occurrence Local

Binary Pattern (PRICoLBP) data.

22. The system of claim 15, wherein the obtained feature data and the one or

more reference feature data comprise Histogram of Oriented Gradients (HOG) data.
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23. The system of claim 15, wherein the feature data comprises an N-

dimensional feature vector X such that X = (a; . . . ay) and the reference feature data
comprises an N-dimensional feature vector Y such that Y = (b; . . . by), and wherein

the GPU is further configured calculate:

wherein PBR(X,Y) is a Poisson-Binomial Radius (PBR) distance between the
vector X and the vector Y,

N is an integer greater than 0,

o is the standard deviation of vector p,

K is the mean of vector p, and

Pi is |ai — b||

24. The system of claim 15, wherein the digital image comprises information
corresponding to a DNA or RNA sequence, and the feature data comprises a vector
X of sequencing quality probabilities for a first DNA or RNA sample with a
sequencing depth dx such that X = (X3 . . . X4x) and the reference feature data
comprises a vector Y of sequencing probabilities for a reference DNA or RNA
sample with a sequencing depth dy such thatY = (y; . . . Yay), and wherein the GPU
is further configured to determine the semi-metric distance (PBRseq), Wherein

determining (PBRseq) cOmprises calculating:
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i oxOy
PBRseq(X,Y) = Tix — v

wherein PBRseq(X, Y) is a Poisson-Binomial Radius (PBR) distance between
the vector X and the vector Y,

K xis a mean for the vector X,

Myis a mean for the vector Y,

Ox is a standard deviation for the vector X, and

Oy is a standard deviation for the vector Y.

25.  The system of claim 24, wherein the host computer is further configured to:
determine whether the semi-metric distance (PBRseg) iS greater than a
threshold value, and
classify the DNA or RNA sequence as being a tumor or normal based on the

determining if the semi-metric distance (PBRseq) is greater than the threshold value.

26. The system of claim 24, wherein the host computer is further configured to:

identify a rare variant in the DNA or RNA sequence.
27. The system of claim 15, wherein the host computer is further configured to:
determine a closest matching reference feature data of the one or more

reference feature data.

28.  The system of claim 27, wherein the host computer is further configured to:
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identify a person based on the determined closest matching reference feature

data, wherein the digital image comprises at least one of: an ear, a face, a

fingerprint, and an iris.
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