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Abstract

Feature extraction is the part of pattern recognition, where the sensor data
is transformed into a more suitable form for the machine to interpret. The
purpose of this step is also to reduce the amount of information passed to
the next stages of the system, and to preserve the essential information in
the view of discriminating the data into different classes. For instance, in the
case of image analysis the actual image intensities are vulnerable to various
environmental effects, such as lighting changes and the feature extraction
can be used as means for detecting features, which are invariant to certain
types of illumination changes. Finally, classification tries to make decisions
based on the previously transformed data.

The main focus of this thesis is on developing new methods for the em-
bedded feature extraction based on local non-parametric image descriptors.
Also, feature analysis is carried out for the selected image features. Low-level
Local Binary Pattern (LBP) based features are in a main role in the analysis.
In the embedded domain, the pattern recognition system must usually meet
strict performance constraints, such as high speed, compact size and low
power consumption. The characteristics of the final system can be seen as
a trade-off between these metrics, which is largely affected by the decisions
made during the implementation phase. The implementation alternatives of
the LBP based feature extraction are explored in the embedded domain in
the context of focal-plane vision processors.

In particular, the thesis demonstrates the LBP extraction with MIPA4k
massively parallel focal-plane processor IC. Also higher level processing is
incorporated to this framework, by means of a framework for implementing
a single chip face recognition system. Furthermore, a new method for deter-
mining optical flow based on LBPs, designed in particular to the embedded
domain is presented. Inspired by some of the principles observed through
the feature analysis of the Local Binary Patterns, an extension to the well
known non-parametric rank transform is proposed, and its performance is
evaluated in face recognition experiments with a standard dataset. Finally,
an a priori model where the LBPs are seen as combinations of n-tuples is
also presented.
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Tiivistelma

Piirreirroituksessa pyritdin muuntamaan sensoreista saatu informaatio muo-
toon, jonka tietokone voi helpommin késitelld. Taméan hahmontunnistuksen
vaiheen tarkoituksena on myos vihent#déd jéirjestelmén seuraaville tasoille
lihetettavin datan madrida, sekd pyrkid sdilyttdméin oleellinen tieto luo-
kittelua silméllapitden. Esimerkiksi kuva-analyysin yhteydesséd varsinainen
intensiteettitieto on tyypillisesti herkkd ympéariston muutoksille, kuten va-
laistukselle, jolloin piirreirroitusta voidaan kayttdd havaitsemaan sellaisia
piirteitd, jotka eivét riipu tietyntyyppisistd valaistuksen muutoksista. Lo-
pulta luokittelun avulla pyritdén tekemé&dn varsinaisia péddtelmid sensori-
informaation perusteella.

Viitoskirjassa kehitetddn uusia menetelmié piirreirroitukseen kéyttden
sulautettuja tietokonejarjestelmié yhdistettyné ei-parametrisiin kuvapiirtei-
siin. Valituille piirteille suoritetaan myoskin piirreanalyysiéd keskittyen pai-
kallisiin binddrikuvio piirteisiin (LBP, Local Binary Pattern). Kun kyseessi
on sulautettu jérjestelmé, hahmontunnistusta tekevin systeemin taytyy y-
leensd myo6s saavuttaa tietyt tehokkuusvaatimukset, kuten nopeus, pieni
fyysinen koko ja alhainen tehonkulutus. Valmiin jirjestelmén ominaisuudet
muodostuvat siten osaltaan siitéd, millaisia valintoja jérjestelmén toteutus-
vaiheessa on tehty. Erilaisia toteutusvaihtoehtoja LBP pohjaiseen piirreirroi-
tukseen on tyosséd tutkittu sulautetun jarjestelmén tapauksessa, keskittyen
kuvatasossa laskentaa tekeviin prosessoreihin.

Tyo6ssd havainnollistetaan mm. LBP piirteiden laskentaa MIPA4k rin-
nakkaisprosessorilla. TyGssé esitetdédn myos viitekehys yhdelld IC piirilld toi-
mivan kasvontunnistusjirjestelmén toteuttamiseksi. Samoin esitetdédn uusi
LBP pohjainen menetelmé optisen vuon méérittdmiseen, joka on soveltuu
erityisesti sulautettuun jérjestelmé#n. Piirreanalyysin yhteydessd, pohjau-
tuen LBP piirteiden ominaisuuksiin, esitetdan myoskin yleistetty versio hy-
vin tunnetusta kuvan jirjestyslukumuunnoksesta (engl. Rank transform).
Sen tehokkuutta mitataan kasvontunnistuksessa yleisesti kiytetylla FERET
testiaineistolla. Lopuksi myos esitetddn malli paikallisille bin#dérikuvioille,
joissa ne ndhdain kuvatasoon sijoittuvien jarjestyslukujonojen kombinaa-
tioina.
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Glossary of Terms

ACE processor family a family of mired-mode CNN processors by the
Institute of Microelectronics of Seville

A child LBP an LBP derived from an n-tuple by using a threshold (instead
of the actual center)

Adaptive integration time adjusting the integration time of a camera to
compress the high intensity variations of a scene by image dynamic range
compression

A priori model model of data interpretation (features) which holds with
random (i.i.d.) data

ASIC Application Specific Integrated Circuit

b (binary pattern space) all individual LBPs of length M

Block histogram LBP histogram defined for a certain image subregion
Census transform An image transform which compares local neighborhood
windows among different images using a bit-wise XOR() operator

CMOS Complementary Metal-Oxide-Semiconductor

CMU-+MIT dataset The face detection evaluation database from the CMU
and MIT universities

CNN Cellular Nonlinear Network (an array processor)

CNN template a globally controlled neighborhood map applied to each PE
of a CNN to control its programming

Complete uniform (n-tuple) an n-tuple containing at most one increas-
ing and one decreasing Tun

CSU evaluation system A C++ library for evaluation of face recognition
algorithms

Descriptor k k is specific to a certain LBP and it is calculated as the min-
imum between the total number of one and zero bits

Device mismatch random variation in IC device properties

Dynamic range The number of separate intensity levels in an image, e.g.
256 (8bit)

EBGM FElastic Bunch Graph Matching

Embedded system computer and software designed to operate under re-
strictions set by environment
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EYE-RIS platform a commercial mized-mode CNN processor by Anafo-
cus

FERET The Facial Recognition Technology Database

Focal-Plane Processor Integrated circuit (IC) which performs computa-
tion on a reqular 2D array of PEs (Processing Elements)

FPGA Field-Programmable Gate-Array

GPU GGraphics Processing Unit

IC Integrated Circuit

i.i.d. independent and identically distributed

Image transform an image is transformed into some another form with
the same dimensions

I (intensity space) All possible instances of intensity combinations within
a local neighborhood (e.g. for 3x3 local neighborhood and 8-bit valued image
the dimension becomes 256°)

Intermediate unit permutation an n-tuple derived from the LBP neigh-
borhood including the center pizel’s rank

Interpolation the intensity value of an exact image location in between
four neighboring pixels is calculated by bilinear weighting (e.g. in the case
of circular neighborhood window)

Keypoint descriptor an image location and a corresponding feature vector
KOVA1 a 96296 PE mized-mode array processor by Kovilta

LBP(M, r) Local Binary Pattern with M samples and radius r
LBP-AM LBP-Adaptive Matching method (based on occurrence maps)
LDA Linear Discriminant Analysis

LIOP Local Intensity Order Pattern (keypoint descriptor)

LLM Local Logical Memory - a local digital memory in CNN PE

Wiw (local neighborhood) a window of the nearby pizels defined around
a certain image location, where the neighborhood v can be e.g. circular or
square shaped. i is the location within this window

LPQ Local Phase Quantization

émap (mapping operator) A mapping operator from the permutation
space into the binary pattern space

ngT/[lA p (mapping operator) A mapping operator from the binary pattern
space into the permutation space

MIPA4k a 64x64 PE mized-mode processor array by Microelectronics lab-
oratory at University of Turku

Non-parametric descriptor image descriptor where the data interpreta-
tion is derived without assumptions on the underlying probability distribution
(e.g. Gaussian distribution)

N-tuple local image feature which uses the ranks of the instances among a
local meighborhood

Occurrence Map A method to describe LBPs in an image by binary im-
ages (one binary image reserved for each LBP)
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OpenCL Open Computing Language

Order statistics area of mathematics which considers the relative ordering
of data samples

Parametric descriptor image descriptor where the data interpretation is
derived with assumptions on the underlying probability distribution

PCA Principal Component Analysis

Photodiode integrated diode with light induced current

Performance constraint some of the main performance constraints of an
embedded system are power consumption, speed, physical size etc.

PE Processing Element

P (permutation space) all possible permutations of the LBP neighbor-
hood

Rank 1 recognition rate the accuracy of a pattern recognition system
where the nearest match is assumed to be the exact output of the classifier
Rank (rank ordering) Determining the rank of a pizel in its local neigh-
borhood. For smallest pizel value in a local neighborhood the rank is 1, and
for second smallest 2 etc.

Rank transform An image transform which changes the intensity valued
image into a local rank measure valued image

Ranked order extraction unit A circuit which operates by extracting the
ranks of its inputs

Runs level 2 n-tuple An n-tuple with at most two circular runs (a run
18 a monotonic increasing or decreasing sequence of rank values in a local
circular neighborhood)

ROC curve The number of true positives as a function of false positives
Root permutation an n-tuple which is formed by removing the rank corre-
sponding to the LBP center pixel from unit permutation and then re-ranking
it (into interval 1...M)

S(), symmetry transform An image transform which changes the local
intensity values into symmetry measures

SAD Sum-of-Absolute Difference

SCAMP processor family a family of mixed-mode CNN microprocessors
by the University of Manchester

SIMD Single-Instruction Multiple-Data, a type of microprocessor

SISD Single Instruction Single Data, a type of microprocessor

SMQT The Successive Mean Quantization Transform

Symmetry level the minimum between the total number of zero and one
bits in a local binary neighborhood window (see also Descriptor k)
Uniform LBP An LBP with at most two 0-1 and 1-0 circular transitions
Unit permutation an instance of permutation space, containing the rank
for each of the elements in a local LBP neighborhood (including the center)
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Chapter 1

Introduction

Machine vision tries to interpret the optical sensor data obtained from the
environment by the means of computers and embedded devices. The pur-
pose is to assist or replace human beings in tasks which are either too time
consuming, difficult, or inconvenient for humans to execute. In the past
years, progress in many applications which previously have been either too
unreliable or too time consuming for machines have been made. This has
been facilitated by the development of new algorithmic methods for image
analysis and by the rapid increase in available processing power provided by
digital computers. For instance, face detection which has traditionally been
both too inefficient and too time consuming for machines to perform, can
today be carried out reliably even with portable devices such as smartphones
and digital cameras [1].

Other applications for machine vision include medical image analysis,
automated video surveillance, 3D pose estimation, stereo matching, and
many more [2]. In the industrial domain, machine vision can be used for
instance to automate some of the procedures in Printed-Circuit-Board as-
sembly lines [3]. Although machine vision has been used successfully in
many applications and significant progress has been made, there still exists
many challenges in this field. Especially, if comparing the current auto-
mated algorithms to the capabilities of human vision, it is evident that a lot
of further research needs to be done.

In general, machine vision can be seen as a special type of the more
general discipline of pattern recognition [4]. A typical pattern recognition
system first preprocesses the captured sensor data, such as image data, by
removing additional noise. Feature extraction follows next, with the aim at
extracting meaningful and salient parts of the data (see Figure 1.1). The
purpose of this step is to reduce the amount of information passed to the
next stages of the system. Feature analysis can be used to improve the
efficiency of the feature extraction stage in order to improve the overall
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Figure 1.1: A simplified diagram of a typical pattern recognition system [4].

system performance. Finally, the system performs classification based on
the extracted features, the purpose of which is to make decisions based
on the sensed data. Then, the system usually performs proper procedures
depending on the decisions made by the classifier [4].

1.1 Introduction to Local Binary Patterns

In the feature extraction stage of a machine vision system Local Binary
Pattern (LBP) features [5], [6] can be used to represent the low-level intensity
structure of the image data in a form of short binary codes. A histogram
representation is then used to represent the texture within an image region,
capturing the actual surface microstructure within the image. Typically,
LBPs are fast to compute and their performance in classification tasks has
been shown to improve over previous methods [7], [8], [9]. Therefore, the
LBPs have recently gained significant popularity in the field of computer
vision.

The high performance of the LBPs have been considered to be influenced
by its capability to tolerate the changes in image intensity level bias. This
is a consequence of the non-linear characteristics of its threshold function,
which is unaffected by actual intensity value. The non-linear characteris-
tics of the threshold function implies, that the LBPs belong to the class
of non-parametric descriptors, where no assumptions on the actual inten-
sity distribution are made. On the contrary, a parametric method may
assume that the underlying probability distribution of the image pixels is,
for instance, Gaussian. Also, LBPs have been interpreted being a unifying
approach between the structural and statistical image representations [10],
where the actual low-level image structure is incorporated into regional his-
togram representation.

1.1.1 Derivation of the LBPs

The LBPs are derived from an intensity image by comparing each pixel to
its circular neighbours within a certain radius. The original LBP used 8-
connectivity nearest neighborhood. The idea is to assign a bit for each of the
quantized directional gradients and to simply combine these bits in a decimal
form. As a consequence, each pixels local neighborhood can be represent
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Figure 1.2: Local Binary Pattern with radius r=1 (top) and with interpo-
lation (bottom) with M = 8 samples.

by a decimal number, which are used as bins of the LBP histogram. The
derivation of the LBP is shown in Figure 1.2. In the case where the exact
location of the contour pixel lies between the 4 neighboring pixels, the value
of the contour pixel is calculated by bilinear interpolation.

It has been observed, that uniform LBPs containing at most two circu-
lar 0-1 and 1-0 transitions are among the most frequent ones with natural
images [10], [11]. By selecting the subset of uniform LBPs into final LBP
histogram, the length of the feature vector can be reduced while actually ob-
taining a better recognition accuracy [11]. For example patterns 00010000,
11110000 and 110011 are uniform and patterns 01010000, 11100110 and
010101 are not uniform.

1.1.2 Applications

In the embedded industrial domain the LBPs have been previously applied,
for instance, to automatic characterization of paper in an unsupervised man-
ner [12]. Recently, the LBPs were proposed for face recognition in [8]. Later,
the original LBP has been extended in various ways. These LBP variants
have shown an increase in terms of recognition accuracy in many applica-
tions in comparison with the original LBP [6], [13], [14], [15]. Some of
these variants modify the original LBP operator [13], while the other may
add some additional pre-processing steps before the actual LBP feature ex-
traction [14]. Gabor filtering was used in [14] as a pre-processing step in
face recognition by dividing the intensity representation into a plurality of

3



subpresentations. Then, LBPs for each subpresentation were extracted sep-
arately. Finally a multi-level histogram was obtained as the feature vector.

A keypoint descriptor based on center-symmetric LBPs was presented
in [16]. Recently, Local Phase Quantization (LPQ) descriptor [17] possessing
a high insensitivity to image blur was proposed. The LPQ descriptor takes
advantage of the blur invariance of the phase of the image Fourier spectra
in certain circumstances. The LPQ descriptor is related to the LBP in that
short binary codes are used in constructing the final feature vectors. A more
comprehensive list of LBP applications can be found in [6].

1.1.3 Other related descriptors

Rank transform, which was originally presented in [18] is based on ordering
the intensities of the local square neighborhood window into an ascending
order, and determining the rank of the centermost pixel within the window.
The transformed value within the transformed image is then replaced by the
rank of the corresponding pixel. The rank transform was extended in [19]
for estimating stereo correspondence by means of a robust local correlation
measure. Lately, perhaps inspired by the success of the LBP methodology,
ordinal keypoint descriptors have also been proposed [20], [21]. However,
the ordinal rank order representation, in general, seems vulnerable to noise,
which was already indicated in [22]. Other non-parametric descriptors and
transforms include, for instance, ordinal co-occurrence matrices [23] and
Successive Mean Quantization Transform (SMQT) [24].

1.2 Description of the work

1.2.1 The objectives of the thesis

This thesis concentrates on theoretically and practically oriented develop-
ment of methods for machine vision with non-parametric image descriptors.
The theoretically oriented part of the thesis aims at increasing the under-
standing on the low-level non-parametric descriptors and especially on the
LBPs. The relation between LBPs and n-tuples has been studied, and an a
priori model for the LBPs has been developed in this context. Practical as-
pects are considered within the context of non-parametric feature extraction
with focal-plane processors. The research in our laboratory has been con-
centrated on practical implementation of focal plane processors (also known
as CNN (Cellular Nonlinear Networks)) and the focus of my work has been
to widen this perspective to more practical machine vision applications.
The contribution of the author has been concentrated, for instance, to
bottom-up type effort - searching for answers to the question - which kind of
applications and methods would be benefited most by the already existing

4



focal-plane processor hardware, and top-down effort related to the question -
which kind of computation should be incorporated to the focal-plane proces-
sors in order to facilitate their usage in the future. The main assumptions
has been that the theoretically oriented analysis would also give support
to the development of the practically oriented algorithms and also that the
knowledge of higher level image analysis would facilitate the development of
novel low-level image processing circuitry.

1.2.2 Contributions of the thesis

In the following three main contributions of this thesis are briefly summa-
rized. The first contribution is theoretical analysis of LBPs covering papers
1,2,3 and 8. The second contribution is algorithmic methods for focal-plane
processors covering papers 4,5,6,9,10 and the third contribution is LBP ex-
traction with focal-plane processors covering papers 4 and 7. Paper / takes
advantage of aspects based on all three contributions.

In the first contribution, an a priori model for the theoretical analysis of
LBPs is presented [25]. It is based on studying the distribution of the LBPs
with i.i.d. (independent and identically distributed) data and by seeing the
pixels as instances of random variables of order statistics [25]. This approach
is also linked to the method for characterizing the uniform LBPs in order
to reduce their feature vector length presented in [26]. An extension of the
aforementioned methods called non-parametric symmetry transform [27] was
also developed. It combines some of the main properties of different non-
parametric descriptors. Image intensity and rank order representations are
replaced in this transform by a more compact measure, providing interesting
invariance properties. Finally, the theoretical aspects of uniform LBPs are
studied in [28], which summarizes and extends some of the earlier theoretical
work.

In the second contribution algorithmic methods for real-time LBP based
image analysis are presented. LBP extraction method with CNN-UM is pre-
sented in [29]. Frameworks for face localization [30] [31], face recognition [29]
and optical flow analysis [31] [32] based on focal-plane processors are also
presented. An application of B/W optical flow analysis is demonstrated in
laser welding application using the KOVA1 focal-plane processor in [32] and
spatter tracking algorithm for laser and manual arc welding applications is
presented in [33].

Finally, the third contribution consists of dedicated LBP feature extrac-
tion building blocks including the schematics level design of LBP extrac-
tion [29]. LBP extraction on MIPA4K processor is also demonstrated by
taking advantage of its ranked-order extraction unit [34].
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Chapter 2

Local Binary Pattern Feature
Analysis and Applications

In a pattern recognition system after obtaining the sensor data and extract-
ing the features, feature selection may be used to reduce the dimensionality
of the feature vector [4]. In order to carry out the feature selection effi-
ciently, the analysis of the features need to be performed. By conducting
this step, the performance of the overall pattern recognition system may be
increased. As a part of feature analysis, representing the local descriptors
in terms of one another can be used to increase the understanding on their
discriminative performance.

In [35], the LBPs were represented as combinations of vector quantized
linear filters. It is essential to understand the difference and limitations
of these descriptors in terms on one another in order to provide necessary
means for developing better feature descriptors and or to improve the way
in which they are applied. This section describes a study of the feature
analysis of LBPs in terms of their occurrence probability and applies this
model to a study of the properties of n-tuples and uniform LBPs. Several
applications inspired by the study are presented.

2.1 Feature Analysis of Local Binary Patterns

2.1.1 An a priori model

It was noted in [22], that the distribution of n-tuples is largely uneven with
natural image data. A tendency that low-order (i.e. monotonic) n-tuple
profiles dominate with different kinds of textures was observed. The a priori
model described here, is extended in a more comprehensive study of the
distribution of n-tuples with natural images. A unifying framework between
an order statistics based i.i.d. model [25], n-tuples [22] and uniform LBPs
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Figure 2.1: The concept of permutation space and circular runs test for
permutations [28].

is further presented [28].

A permutation space is defined in LBP(M,r) neighborhood to contain
all possible (M + 1)! permutations within a circular window. The permu-
tation space instances are equally probable to occur with ii.d. data [37],
if interpolation is not considered. An example of the permutation space is
shown in Figure 2.1.

The a priori probability of a LBP with M samples (M > 3) to occur with
continuously distributed i.i.d. data [25] [38], without considering interpola-
tion, given descriptor k (which is the minimum between the total number
of ones and zeros in an LBP) is,

KI(M — k)]

PLBP(ka) = (M—I—l)'

(2.1)

A unit permutation is defined as an instance of the permutation space.
The mapping operations described in [28] for the intensity space I, the per-
mutation space P and binary pattern space b are described in the following:
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Definition 2.1. Let the intensity space I be defined as sets consisting of
intensities { Iy, Is, Is, ..., Iny } around the center in addition to the center
point { I. } within a local LBP neighborhood. A unit permutation is defined
as an indwidual permutation P, = { Ry, Ro, Rs, ..., Ry } around the
center in addition to the center point rank { R. } formed by rank ordering
the intensity samples I, as Ry, so that the smallest intensity is assigned a
rank of 1. In the case of tied intensities, the ranks of the tied intensities are
taken from an i.i.d distribution. The length of the unit permutation is then
(M + 1), where the number of contour samples in the corresponding LBP is
equal to M [28].

Definition 2.2. a) The LBP mapping operator ¢prap is defined between
the instances of spaces I, = b,, or P, = b, as 1 for instances which have
a magnitude greater or equal than the center and 0 for instances which have
magnitude smaller than the center. In the case of mapping P, = b, and
ties between the center intensity { I. } and contour intensities I, the rank
of the center { R. } is assigned the minimum within the combined set of the
tied ranks { R. , Ry, }. This preserves the uniformity of the LBP also when
the permutation space is used. The resulting LBP code is a concatenation
{b1, ba, bs,...bas} of the individual bits.

b) A mapping from intensity space to binary pattern space is defined by
applying the LBP mapping operator ¢prap for intensity set I, resulting in
binary pattern b,,.

c) A mapping from an instance of intensity space I, to an instance of
permutation space P, is defined as R(I,), where an operator R extracts the
rank ordering of intensity samples among the intensity set I, so that the
smallest element will be assigned to value 1.

d) A mapping from the permutation space into the binary pattern space
is defined by applying the LBP mapping operator ¢prap to the set of ranks
P, resulting in a binary pattern b, among the binary pattern space.

e) A reverse mapping (bJT/[lA p from an instance of binary pattern space by,
into permutation space P, is defined indirectly as forming all the P, elements
according to the criteria ¢pprap results in a match (from all elements of P,
= by) [28]. In other words, ¢,;4p generates all unit permutations which
correspond to a certain LBP code.

Uniform patterns are defined formally in circular grayscale neighborhood
I, = {I...Iys}, including the center pixel I, with patterns of value U < 2,
where U(I,) is defined in the following [10]:
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M
U(Ly) = |s(Iy — I) = s(hh = I)| + > _ [8(T;m = Ie) = s(I;m-1 — L) (2.2)

m=2

The s(z) function gets a value of 1 if > 0 and 0 otherwise. Rotation
invariant categories for the LBPs and uniform LBPs in particular are defined
using ROR{x,i} operator, which circularly shifts M-bit binary number x
representing the LBP i times to the right,

LBP};, = min{ROR(LBPy,i)li = 0,1..M — 1} (2.3)

For example, uniform LBP ' pattern class 000011 contains also circu-
larly rotated uniform patterns LBPW of 100001, 110000, 011000, 001100
and 000110 [10].

The total number of uniform patterns with respect to k and M is (see
an example of the number of uniform patterns in different LBP categories
characterized by their total number of 1 bits in Figure 2.15),

2 k=0,
#uniform, even M = 2xM 0<k<M/2, (2.4)
M k=M/2

2 k=0
#Huniform,odd M = ’ (2.5)
2« M 0<k<=(M-1)/2.

and the a priori probablity of uniform patterns becomes,

PALM) = 2 Mf:lk'M k)! (2.6)
u2 —(M—I—l) M+1 '
M M
+(M+1)!K7)!]2

for even M. In Figure 2.2 the a priori probability of uniform patterns is
shown according to the equations 2.4-2.6.

2.1.2 Applying the a priori model for the analysis of LBPs
and n-tuples

In natural images there is a tendency, that n-tuples are biased towards lower
order monotonic profiles [22]. Here we use this observation to model the
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Test image 1: 2448 x 3264 Test image 2: 1728 x 2304

A iy, A

Figure 2.3: Natural test images [28]. Each image was analyzed in which
kind of n-tuples they contain. The average neighborhoods of these n-tuples
are further shown in Figures 2.5, 2.6, 2.7, 2.8 and 2.9, corresponding to
test images 1,2,3,4 and 4 (with a larger radius), respectively. The extraction
of the average neighborhoods is described in Figure 2.4. The experiment
illustrates, which kind of n-tuple neighborhoods contribute to the formation
of uniform LBPs in particular.
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Image

n-tuple: {2.,3,4,6,5,1}

n-tuple: {2.,3,4,6,5,1}

n-tuple: {2,3,4,6,5,1}

/

SUM

\L Normalize

Average n-tuple: {2,3.4,6,5,1}

Figure 2.4: Extracting the average n-tuple neighborhoods. Each individ-
ual grayscale surrounding (of size 35x35) specific to a certain n-tuple are
collected from the test image. They are then placed upon each other and
summed together. Normalization is finally performed according to maxi-
mum and minimum value of the summed neighborhood. Thus, the produced
average grayscale neighborhood describes the selected n-tuple in the specific
test images.
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Total: 63490 Total: 60352 Total: 58128 Total: 55039
(12465 3) (21356 4) (135642 (312465)

Total: 51441 Total: 50924 Total: 46950 Total: 46685
(6 421 305) (653124 246531) (12356 4)

Total: 45848 Total: 45273 Total: 44985 Total: 43962
(531246 (213654 (4213506) (1245623

Figure 2.5: Most common n-tuples using LBP (6,2) neighborhood of the test
image 1. The number of occurrences for each patch is also shown. It can be
observed that the orientations of the n-tuples follow the overall directions of
the image gradient.
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Total: 49683 Total: 45388 Total: 39014 Total: 38153
(31246 H5) (465312 321465) (31245 6)

Total: 37621 Total: 35576 Total: 25866 Total: 25574
465321) 456312 (412356) 421365)

Total: 24992 Total: 24774 Total: 24630 Total: 24592
321456 365421 456321 421356

Figure 2.6: Most common n-tuples using LBP(6,2) neighborhood of the test
image 2. The number of occurrences for each patch is also shown. It can
be observed, that the horizontal gradients which describe the water and the
sky dominate the most common n-tuples.
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Total: 64073 Total: 60297 Total: 59710 Total: 59503
5642123 (653124 124653) 465312

Total: 59037 Total: 58817 Total: 58709 Total: 55033
(135642 642135 (213564 3124605

Total: 54078 Total: 53896 Total: 53682 Total: 53475
(246531) (531246) (42135 86) (356421)

Figure 2.7: Most common n-tuples using LBP(6,2) neighborhood of the test
image 3. The number of occurrences for each patch is also shown. As in
Figure 2.5, the directions of the n-tuples are distributed in all orientations.
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Total: 33211 Total: 30451 Total: 28286 Total: 26691
(6 421 305) (653124 3564 21) (465312

Total: 25565 Total: 24725 Total: 24655 Total: 24259
(135642 (246531 (421356) 652134

Total: 23153 Total: 23066 Total: 22975 Total: 22622
(146532 643125 5642123 (124653

Figure 2.8: Most common n-tuples using LBP(6,2) neighborhood of the test
image 4. The number of occurrences for each patch is also shown. It can be
observed, that the vertical gradients corresponding to the trees are captured
by some of the most common n-tuples.
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Total: 17892 Total: 17872 Total: 15580 Total: 14565
653124 356421 465312 6 43125)

Total: 14477 Total: 14381 Total: 14122 Total: 14120
642135) 356412 653214 652134

Total: 13827 Total: 13523 Total: 13364 Total: 12949
563124 365421 465321) 456312

Figure 2.9: Most common n-tuples using LBP(6,6) neighborhood of the
test image 4. The number of occurrences for each patch is also shown. It
can be observed, that by increasing the radius of the n-tuples the average
surroundings become smoother.
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correlation of the local neighborhood in the context of n-tuples and LBPs.
Thus, the introduced a priori model allows studying the formation process
of uniform patterns in particular using the n-tuple representation. This is
possible, if the LBPs are seen as a result of the mapping operation from the
intensity space through the permutation space to the binary pattern space.
In this case the produced intermediate unit permutation (intermediate in the
sense that it is produced from the intensity representation directly towards
the binary pattern space, see Figure 2.1) can also be represented as an n-
tuple, if the center pixel is not accounted for (this is also denoted as an
intermediate root permutation [28]).

Definition 2.3. An intermediate root permutation is defined as the
corresponding n-tuple of the LBP neighborhood when the center pizel is not
accounted for [28]. A root permutation is formed if the center pizel’s rank
of an unit permutation is removed and the set of ranks is re-ordered. For
instance the root permutation of unit permutation P,={ 3 } (center pizel),
{1, 2, 6,5, 4} contour pizels, is { 1, 2, 5, 4, 3}.

Figures 2.5, 2.6, 2.7, 2.8 and 2.9 represent average n-tuple surroundings
of the test images in Figure 2.3. The surroundings are formed by extracting
(a 35x35 pixel sized) grayscale image patch around each individual n-tuple
among the specific test image and by combining them as described in Fig-
ure 2.4. The number of occurrences of the selected most common n-tuples
are also shown. For instance, in Figure 2.5 the most common n-tuple (in
the upper left corner) is {1,2,4,6,5,3}. By studying the n-tuples in these
specific figures it can be easily observed, that the most common n-tuples
are typically of runs level 2 when M is 6. Certain n-tuples with a runs test
result of 2 also appear to capture some of the most common edges within
the test image (for instance, see in Figure 2.8 and the corresponding test
image).

2.1.3 Monotonic n-tuples and uniform patterns

In the following, the a priori probability of the runs level 2 n-tuples is consid-
ered [28]. As mentioned, when considering the a priori model with an i.i.d.
data, all the n-tuples are of equal probability (without considering interpo-
lation). However, when considering natural images, as it was already illus-
trated, the distribution becomes biased towards monotonic profiles. Hence,
to quantitatively model how the monotonic n-tuple profiles affect to the
overall share of uniform patterns with natural images, the a priori model is
here applied to the monotonic profiles in particular. For n-tuples only (i.e.
without considering the center pixel) the permutation space can be modified
so that the center pixel is not accounted for. This way, the overall number of

21



LBPM =5 11111 Bias = 0.5
Root permutation P = {P(1) - - - P(M)}

TOT.M 01111 P() =1  10111P(2) = 1 11011 P(3) =1 11101P(4) =1 11110 P(5) =1 Bias = 1.5
vy el N R ey
Circular left bit Circular right bit Bias = 2.5
TOT. M x 2! 10011 P(2) = 2 11001 P(4) =2
A ’/\ Bias = 3.5
TOT. M« 22 00011 P(1)=3 10001 P(4) =3 10001 P(2) = 3 11000 P(5) = 3
A /\ /\ ' /\ Bias = 4.5
P5)=4> P@) =4 «P(1)=4 JP(5)=44P(1)=4 ~ P5)=4 Vp)=4 “p(1)=4
00010 00001 00001 10000 00001 10000 10000 01000
1 ] 1
! . [ i . [ .
TOT. N ¥ ¥ ¥ \L Bias = 5.5
A it P=1{3,2,1,4,5} P=1{4,2,13,5 P=153,1,2,4} P=1{4,51,2,3}
TOT.

M x 2M°2) Leaf nodes
(40 For M = 5)

Figure 2.10: Complete uniform permutation tree [28].

runs level 2 n-tuples can be compared to the overall number of all n-tuples
(without the center), producing a total dimension of M! for all n-tuples.

An n-tuple could be seen to produce an LBP if (an adjustable) threshold
value called bias is assigned to the center location. If considering ranks from
1,2...M the bias could have values of 0.5,1.5...M + 0.5, for instance. A child
LBP is any of the LBPs produced by this kind of mapping. Next, we define
complete uniform n-tuples as n-tuples which changes from the smallest rank
towards the largest rank and from the largest rank towards the lowers rank
always happen next to each other. They are denoted as complete uniform
n-tuples (or complete uniform root permutations) because they always map
to an uniform LBP independently of the center pixel chosen (called bias
in this context). For complete uniform n-tuples all the bias values chosen
produce a uniform pattern [28].

Definition 2.4. Complete uniform (intermediate) root permutations are
root permutations whose all child LBPs are uniform. The number of com-
plete uniform root permutations is given by M x2M—2, (M > 3), where M is
the number of contour samples in LBP and the length of a root permutation
(see Figure 2.10).

In Figure 2.10 the formation of complete uniform n-tuples is illustrated.
Thus, the total number of complete uniform n-tuples can be calculated from
the number of leaf nodes in a perfect binary tree of height M-2 (see Fig-
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Figure 2.11: The distribution of runs level 2 n-tuples within the test im-
ages [28].

ure 2.10). In Figure 2.11 the distribution of runs level 2 n-tuples is shown
on each of the test images in Figure 2.3. The images containing monotonic
changes would appear to contain slightly more runs level 2 patterns than the
others, however not significantly. In Figure 2.11 the a priori probability of
the runs level 2 n-tuples is also shown (without interpolation). The purpose
of the figure is also to illustrate how natural images increase the number
of monotonic n-tuples in comparison with the a priori model. For example,
with M = 8 and r = 1 the a priori probability of the runs level 2 n-tuples
is below 5%, while increased to above 30% with the test images. Note that
the number of runs level 2 patterns among uniform patterns is normalized
to the number of uniform patterns. Thus, the slight increase in the number
of runs level 2 patterns among uniform patterns may also be caused by this.

The number of permutations resulting into uniform patterns is further
plotted in Fig. 2.12. The leftmost image represents the permutation space of
uniform patterns so that all unit permutations within the LBP neighborhood
are counted once (an equal probability for each permutation according to the
applied i.i.d. model). The image on the right represents the permutations
with natural test images. It can be observed, that in the a priori model with
i.i.d data (on the left) the low value of k uniform LBPs are produced very
frequently for permutations with longest run of 3,4 and 5. This is because
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Figure 2.12: The distribution n-tuples with respect to descriptor k and the
monotonicity of the permutation [28]. The same test is applied to the a
priori model (on the left) and natural test images (on the right). With nat-
ural image data the high k uniform LBP patterns dominate the occurrence
probability. Note also that monotonic profiles are more common and that
the monotonic permutations tend to populate especially the high k patterns.

of the high a priori probability of uniform patterns 00000000 and 11111111
as well as uniform patters with 7 zero bits and 1 one bit and 7 one bits and
1 zero bit (their a priori probability is the largest). Due to a lower number
of possible combinations the high k patterns are more rare in this case.
With natural image data the high & uniform LBP patterns dominate the
occurrence probability. Note also that monotonic profiles are more common
and that the monotonic permutations tend to populate especially the high
k patterns.

2.2 Applications of the LBP Analysis

In this section, the methods presented for the feature analysis of the LBPs
are further applied to practical applications. The objective is to improve
the performance of the LBP and to develop new methods inspired by the
original LBP representation. It is shown, that by seeing the LBPs as a part of
the more general class of non-parametric descriptors, a new non-parametric
image transform can be introduced.
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2.2.1 On the discriminative quality of the high k uniform
patterns

An illustrating example of the feature selection in the context of the LBP
methodology is to select only uniform patterns for the final feature vector.
In an empirical study in [26] the uniform patterns were further analyzed by
dividing them into different categories based on a measure derived from their
total number of zero and one bits. It appeared in [26], that in face recognition
this kind of separation criteria was also supported by the discriminative
capability the LBP. A symmetry level Ly, for the uniform LBPs was defined
as the minimum between the cardinalities of the sets consisting of zero and
one bits. The facial image database used in [8] and [26] was the FERET (The
Facial Recognition Technology) database by NIST (U.S. National Institute
of Standards and Technology) [36].

The LBPs can also be divided into rotation invariant categories by their
number of zero and one bits (see previous equation 2.3). This is illustrated in
Figure 2.15, where one row of codes always represent one rotation invariant
category with a number of samples M of 8. In this figure the symmetry
levels Ly, can be seen to contain two rotation invariant categories, the first
one consisting of the original codes and the second one from their negated
counterparts (changing the 1 bits to 0’s and vice versa). In [26], if considering
the rotation invariant LBP classes separately, the classes with higher Ly,
performed better. Therefore, the concept of symmetry levels for the uniform
LBPs was defined. This was used in [26] to reduce the length of the final LBP
feature vector. Figure 2.13 shows the recognition rate in the FERET [36]
set with respect to each of the rank levels (number of ones in the LBPs) in
LBP(12,2) neighborhood. The test protocol was the same as in [8] except
that only the selected bins of the corresponding rotation invariant category
were used. The main concept in reducing the feature vector length in [26]
was to assign a bin of their own for the higher symmetry level patterns and
to combine the lower symmetry level pattern categories. Thus, the number
of ones in each pattern defined which patterns were combined.

Table 2.1 shows the final recognition results before and after the feature
vector length reduction using the recognition protocol proposed in [8] and
the FERET database. The original length of the feature vector of both the
query face and the stored database faces were 2301 bins in [8] achieving a
recognition rate of 76.4% using the LBP(8,2) neighborhood. With the pro-
posed method the corresponding feature vector length was 1170 histogram
bins achieving a recognition rate of 76.1% in the LBP(8,2) neighborhood
(the other Ly, categories than 3 and 4 were combined). In LBP(12,2)
neighborhood a recognition rate of 77.4% was achieved with 1794 bins (the
other Ly, categories than 5 and 6 were combined). Thus a slight increase
in the recognition rate was obtained with a reduced feature vector length.
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Figure 2.13: The recognition rate in FERET set [36] with respect to rank
level of the LBPs [26]. (c) 2005 IEEE.
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Method ‘ fv length ‘ fb ‘ fc ‘ dupl ‘ dup2 ‘ average ‘

LBP(8,2) 9984 | 97% | 5% | 66% | 60% | 74.6%
LBP"%(8,2) 2301 | 97% | 79% | 66% | 64% | 76.4%
LBP"2(8,1) 2301 | 95% | 5% | 57% | 45% | 70.0%
LBPY%(12,2) 1794 | 95% | 85% | 64% | 66% | 77.4%

Lsym=[5,6]

LBP"%(8,2) 1170 | 96% | 79% | 65% | 64% | 76.1%

Lsym:[374]

LBP“%(8,1) 1170 | 94% | 76% | 58% | 50% | 69.4%

Lsym=[3,4]

LBP"%(8,2) 624 94% | 81% | 60% | 56% | 72.9%

Lsym=[4]

LBPY%(8,1) 624 91% | 74% | 53% | 43% | 65.2%

Lsym:[4]

PCA MahCosine N.A. 5% | 65% | 44% | 22% | 54.2%
Bayesian MAP N.A. | 82% | 37% | 52% | 32% | 50.8%
EBGM optimal N.A. 90% | 42% | 46% | 24% | 50.5%

LDA ldasoft N.A. | 73% | 47% | 45% | 18% | 45.8%

Table 2.1: Results with FERET database [36]. The FERET database con-
tains a gallery set of 1196 images, and four probe sets; fb, fc, dupl and dup2,
which are evaluated against the gallery set. The fb set contains changes in
facial expression (a total of 1195 images), the fc set contains changes in the
illumination of the faces (a total of 194 images) and the dupl (a total of
722 images) and dup2 (a total of 234 images) sets contain the aging of the
subjects. (c) 2005 IEEE.
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2.2.2 Negation invariance

Further analysis on the symmetry level concept reveals, that it considers an
image and its negated counterpart in a similar way. Image negation is a
decreasing mapping of intensities. Let the circular grayscale neighborhood
be again denoted as I,={ I;...Ip; } in addition to center pixel’s grayscale
value I.. For example, consider the LBP intensity set I, { 50 } for the LBP
center pixel and I, { 10, 20, 100, 60, 70, 130, 190, 55 } for the contour pixels
(i.e. M = 8). The corresponding LBP is 00111111. If all of the intensities
are negated (i.e. applying a mapping of 255-1,,), the resulting I is { 205 },
and the resulting contour intensities I}, are { 245, 235, 155, 195, 185, 125, 65,
200 }. The negated LBP is then 11000000, while the symmetry level (L gy,
k) of 2 is preserved. In Figure 2.15, for instance, Ly, = 1 category contains
all uniform patterns with 7 zero bits and 1 one bit, which form the rotation
invariant category of the pattern 00000001 (see the definition in previous
equation 2.3), and also the negations of these patterns (all uniform patterns
with 7 one bits and 1 zero bit). Thus, two rotation invariant categories are in
this case included to the same Ly, category. Figure 2.15 further illustrates
how the distribution of the bins for certain facial locations change with
different LBP codes, with the rotation invariant categories and with the
symmetry level categories.

2.2.3 Non-Parametric Intensity Symmetry Transform

When understanding the relation between the LBPs and other non-paramet-
ric descriptors, such as the rank transform, it is possible to take advantage
of the feature analysis of the LBPs as an inspiration for developing new non-
parametric descriptors. In the following a modification to the well known
rank transform proposed in [18], is explained. In the rank transform the
location of the center pixel within each local window is replaced by the pix-
els rank. In the proposed non-parametric symmetry transform the center
pixel is always replaced by the symmetry level measure of the correspond-
ing neighborhood, which is the minimum between the cardinalities of the
number of ones and zeros within the window. The main difference to the
symmetry of the LBP neighborhood is that now arbitrary neighborhood
(e.g. a square window) can be used. Hence, the concept of symmetry levels
is modified into a non-parametric transform [27].

Let a local window be defined as VV;/’, where 7 is the index within the
window W (the window can be 1D, 2D, 3D etc.) in neighborhood . The
instances ¢ that have values above the center element of the window are
denoted with ’1’ bits, and the instances ¢ that have values below the center
element as ’0’ bits, respectively, i.e,
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1 (0), 1Y > 1%

center

WP =<0 (1), IV < I (2.7)

enter
undefined, 7 = center.

Then the generalized definition for local intensity symmetry level is,
Lsym = min{Card(Wiw ="1"), Card(Wiw ="0)}. (2.8)

where C’ard(Wiw =’ (') denotes the total number of elements with value
’0’ and C’ard(Wiw =’ 1’) the total number of elements with value '1’. In
words, the minimum between the number of occurrences of '1’s and ’0’s
is chosen as the transformed value. The transformed values vary from
[0, Sum, /2] for even Sum; and for odd Sum;, between [0, (Sum; — 1)/2],
where Sum,; is the number of elements ¢ in window W;’Z’. As in rank trans-
form, the whole image except its borders is searched through with the local
window, so that the pixel in the centermost location of the local window is
always replaced by the transformed value.

Properties of the Non-parametric Symmetry Transform

Non-parametric symmetry transform is always symmetric around the me-
dian of the local neighborhood. As a consequence, the interval of the possible
output values is reduced by a half in comparison with the rank transform. As
the rank transform and LBPs, symmetry transform is invariant to increas-
ing monotonic changes in image intensity bias. An interesting additional
property is invariance to any monotonic decreasing image transformation
such as image negation [27]. Hence, the intensity symmetry transform is
invariant to any monotonic mapping of the intensities. In Figure 2.14, the
negation invariance property of the symmetry transform is illustrated. Be-
ing a non-parametric transform, the intensity symmetry transform should
also be robust against illumination changes.

Applications of Non-parametric Symmetry Transform

In [27], the non-parametric symmetry was proposed for correspondence
matching and finding salient image locations. With saliency, in this case
areas which were monotonically changing were meant. The considerations
in the previous sections could indicate, that the symmetry transform (as
well as the rank transform) would also possess insensitivity to local rota-
tion, since in the case of LBPs the rotation invariant categories are included
into the symmetry level categories. In the case of the largest symmetry level
in Figure 2.15, the negated LBP patterns also belong to the same rotation
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Figure 2.14: Original and negated image and their rank and symmetry trans-
forms. It can be observed that the symmetry transform is not changed when
negating the image.
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invariance class. In [27], the clusters of the highest level of intensity sym-
metry image locations remained largely unchanged in certain experiments
of rotation and intensity bias changes [27].

Being a local measure, the intensity symmetry naturally can not be
as such used for interest point matching, since it does not incorporate a
means for deriving a discriminating feature vectors like the interest point
detectors, such as [39]. Also, it could be expected that certain informa-
tion is lost when reducing the dynamic range of the rank transform. In
a face recognition experiment using the FERET set, however, an aver-
age increase of 15.0% compared with rank transform was obtained with
all sets (without applying weighting) in [27]. Absolute valued distance
> image @bs(S(imagel) — S(image2)) (L1 distance) was used as the distance
metric between two symmetry transformed images (S() denotes the symme-
try transform). The recognition results are shown in Table 2.2.

The initial assumption of the authors was that better performance of
the symmetry transform in face recognition could be linked to its invariance
properties, but the later work in [40] would seem to indicate, that it may
also be caused by a better tolerance of the intensity symmetry transform to
noise. This could also explain why heavy averaging filter was required for
both the rank transform and the intensity symmetry transform in order to
obtain the best recognition results. However, it is still possible that these two
properties are linked to each other. Thus, further investigation of this issue
would be interesting in the future. The rank transform and its other kind of
modifications have been further studied in [40], where it was proposed also
for edge detection.

2.2.4 Illustrating the average LBPs in face images

The LBP images in Figure 2.15 were extracted in the following way; (a)
A sufficiently large subset Z (e.g. Z = 1000) of spatially normalized facial
images was selected (in this case the images were taken from the FERET
database),

(b) To all of the selected images an LBP transform was applied in (8,1)
neighborhood (the neighbourhood could also be some other), which pro-
duced an MxNxZ matrix, where MxN is the dimension of the LBP trans-
formed images and Z is the total number of images,

(¢) A MxNxD histogram was constructed to represent the LBP distri-
bution in each facial location (x,y) over the MxNxZ locations. In this case,
D is the total number of uniform LBP bins,

(d) Finally, the basis images shown in Figure 2.15 were extracted by
intersecting one uniform LBP bin magnitude at a time from the MxNxD
matrix into a MxN density image of the specific LBP code. In these images
(Figure 2.15) the LBP density increases as the image gets brighter. An
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Subset fb fc dupl | dup2 | avg.
Images 1195 194 722 234 -
Rank transform 72.9% | 55.2% | 41.6% | 35.9% | 51.4%
Non-weighted
Symmetry transform | 88.0% | 70.1% | 54.6% | 53.0% | 66.4%
Non-weighted

LBP(8,2) 9] 93% | 51% | 61% | 50% | 64%
Non-weighted
LBP(3.2) 9] O7% | 79% | 66% | 64% | 76%
Weighted
PCA MahCosine 85% 65% 44% 22% 54%
Bayesian MAP 82% | 3™% 52% | 32% | 51%
EBGM optimal 90% 42% 46% 24% 51%
LDA ldasoft 73% 47% 45% 18% 46%

Table 2.2: Rank 1 recognition rate by using the FERET database [27]. The
symmetry transform performed clearly better than the rank transform in
the face recognition experiment. However, the weighted LBP approach [§]
still performed better.

additional step for the basis images was applied in [30] so that the dynamic
range of each image was normalized by the total number of bins within that
image. Hence, the basis images represent the probability density of the LBP
bins accross the training set on average. The basis image framework could
be used to study how the different LBP codes are distributed across the
overall area of the human face.

2.2.5 Face localization with normalized LBP histograms

The basis image approach was further applied in [30] to face detection with
a moderate detection accuracy. The detector used a look-up table based
brute force search of 21x21 sized basis images across all scales. One of the
reasons for not achieving a state-of-the-art the performance could lie in the
alignment procedure before step 1, since it does not account for faces in dif-
ferent orientations. Also different illumination conditions caused difficulties
to the detector in some cases. The performance of the detector in terms
of number of false positives against and true positive rate (ROC curve) is
shown in Figure 2.16. Still, the approach would seem to provide simple and
efficient means for face localization (See also Chapter 3).
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Figure 2.15: LBP basis images for uniform and non-uniform patterns in (8,1)
neighborhood [30]. Reproduced with kind permission from Springer
Science and Business Media, 2009.
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Figure 2.16: ROC curve of the proposed basis image face detector.
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2.3 Discussion

In the recently proposed LIOP (Local Intensity Order Pattern) [20] descrip-
tor, n-tuples were proposed as the main low-level feature representation of
a rotation invariant keypoint descriptor. Therefore, the analysis of n-tuples
and their relation to LBPs is also of major current interest. Representing
the LBPs in a more general framework of n-tuples was used to point out
that circularly monotonic n-tuples contribute to the increase of the number
of uniform pattern bins in the LBP histogram.

The application of the feature analysis was to take advantage of the
discriminative power of the high descriptor k uniform patterns to reduce the
length of the LBP feature vector and to widen this interpretation into a non-
parametric symmetry transform in arbitrary neighborhoods. As the LBP
(see Chapter 3), the symmetry transform could be efficiently performed in
parallel, for instance using a FPGA implementation. For Census transform
these kind of applications have been already proposed. Previously in [19]
the rank order statistics were used to derive a robust correlation measure
between local image patches in two images for stereo matching. The main
difference of the non-parametric symmetry transform to the one in [19] is
that instead of calculating the distance between two local pathes in two
images separately, in this case both images are transformed independently
with a simpler procedure, and then a comparison between the transformed
images is carried out. Since the local 1) neighborhood can be arbitrary, also
temporal, spatiotemporal or 3D analysis could potentially be performed with
the intensity symmetry transform.
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Chapter 3

Application to Focal-Plane
Processors

Focal-Plane processors belong to the class of SIMD (Single-Instruction Mul-
tiple-Data) processors. They are typically designed as full custom ASICs,
where a single processing element performs analog, mixed-mode and digital
processing. The most obvious target usage of the focal-plane processors lies
in high-speed image analysis, since the photodiodes are efficiently embedded
onto the same silicon die with the actual processor circuitry [41]. The diff-
ference between SIMD and more traditional SISD (Single Instruction Single
Data) microprocessors lies in the amount of processing performed in par-
allel, which potentially can give a positive impact on the processing speed
and power efficiency.

In this chapter, the usage of LBPs in the embedded domain is studied
within the context of focal plane processors. Although the extraction of the
LBPs is relatively fast and efficient even with SISD hardware, the benefit
of the proposed approach could be in increased suitability of the focal-plane
processors into new applications. Also, the focal-plane processors could pro-
vide better performance in comparison with SISD hardware in applications
where high speed, power efficiency and compact size are required.

3.1 Introduction to Focal-Plane processors

The instructions are performed in focal plane processors in SIMD fashion
i.e. for the whole array simultaneously, by applying successive array-wise
operations on the currently available data. The neighborhood connectivity
of the focal plane processors is usually limited to a 8-nearest-neighborhood
connectivity or to the second neighborhood at most, which limits their usage
in many cases. However, by applying successive operations, the execution
of more complex image processing beyond the local neighborhood can also
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be performed. The basic principles of the cellular array processors (e.g.
Cellular Neural Networks, CNNs) were proposed already in [42]. Still, many
focal-plane chips use some of the concepts of the traditional CNN paradigm.

Examples of modern SIMD type focal plane processors include the ACE-
16k processor [43], the EYE-RIS platform [44], ASPA and SCAMP-5 proces-
sors [45], [46], and the MIPA4k processor [47]. Some of these are discussed
in the following in more detail.

The CNN-UM (Cellular Neural Network - Universal Machine) was intro-
duced in [48] and [49]. The ACE processor family consists of ACE400, ACE-
4k and ACE16k processors [43]. ACE16k consists of an array of 128x128
processing elements (PE) and was implemented in 0.35um semiconductor
process, while delivering the performance of 330GOPS. The commercial
EYE-RIS system, which is a follower of ACE16k was proposed in [44].

The SCAMP processor family has been presented in [50], [51], [46]. An
important characteristic of the SCAMP family is the reduction of the cell
area by time-multiplexing the neighborhood connections. Operations such
as pixel level snakes have been demonstrated on SCAMP-3 [51]. SCAMP-
5 chip is a 256x256 cell array [46] capable of asynchronously propagating
array operations. The tracking of 5 closed-shape objects at 25kfps and
single object at 100kfps was demonstrated using the SCAMP-5 vision chip
in [46]. The ASPA processors presented in [45] also provide the capability
of asynchronously propagating operations.

A QCIF resolution CNN chip was presented in [52]. Later, a 64x64 ele-
ment MIPA4k [47] mixed-mode processor array was proposed with the capa-
bilities of asynchronously propagating morphological reconstruction, adap-
tive image brightness control, and binary programmable B/W cell templates.
Some of the early work within this thesis has been done before our research
team implemented the MIPA4k processor, which in general, have influenced
into some of its implemented features. For instance, there are possibilities
for LBP extraction in the MIPA4k processor. The successor of the MIPA4k
is a commercial 96x96 element KOVA1 array processor [53].

3.2 Extracting Local Binary Patterns with Focal
Plane Processors

In many applications of the LBPs the first and the second order local neigh-
borhoods have shown to be capable of providing state-of-the art recognition
rates [9]. In fact, the LBP was originally proposed for the 8-nearest neigh-
borhood and only later it has been extended to other radiuses (r) and sample
sizes (M). The possibility of extracting the LBPs with focal plane processors
was first proposed during this work included in references [54], [55] and [29].
In [55] the LBP extraction was proposed by applying directional compar-
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ison templates into each of the local neighborhood directions successively,
and then applying the piecewise linear output non-linearity. A dedicated
hardware for parallel extraction of the LBPs was described in [54].

Next, the basic LBP extraction with CNN in (8,1) neighborhood is ex-
plained. The input image is read from the cell input u and the state z
is assigned to zero. The comparison is carried out by the following equa-
tion [42],

iU:‘“w+a‘%rF§:l%¢mu (3.1)
kIEN,

where a is the center element of the A-template. In the A template all
elements are zero, except the center element with a value of 1. The output
nonlinearity is,

Tij + 1| — oz — 1
iy = plag) = Pt 0 21 (32

Equation 3.3 and Table 3.1 further shows the comparison templates for
the LBP(8,1) neighborhood without interpolation.

b1 by b3
B,—1 = bs by by (3.3)
by be b5

In the following, an example of the LBP extraction with the embedded
MIPA4k processor is further shown [34]. In order to make the compari-
son between the neighboring pixels more robust (several non-idealities were
present in the MIPA4k processor test environment), the ranked order statis-
tics extraction unit of the MIPA4k processor [47] was used. The ranked
order statistics extraction unit of the MIPA4k is capable of indicating the

‘ Template ‘ bo ‘ b1 ‘ by ‘ b3 ‘ b4 ‘ bs ‘ b ‘ b7 ‘ bs ‘
T 1{-110(0}0]0]0|0]|O0
T 110|-1{0}j0]0]0|0]|O0
T3 1{0}]0}|-1J]0]J0,0[O01|O0
T 1{0}]0]0|-1JO0O0O01|O0
Ts 1{0}]0]0]|]0]|-1)0O01|O0
T6 1{0}]0]0|]0]0|-1101{0
Ty 110100 }]0]0]0]|-1]0
T3 110100} 0]0]0|0]-1

Table 3.1: Threshold templates for LBP with r of one and M of eight [29].
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relative ordering of any of the main vertical or horizontal neighbors includ-
ing the center. In this case, the bits in directions (N, W, S, E) were first
extracted by a comparison to the center pixel directly. Since the diagonal
neighbors cannot be accessed directly by the order statistics unit, the fol-
lowing procedure was applied; for instance to get the NE bit the image was
first shifted to the west and then the ordering between the eastern and the
northern directions was determined. In this case the analog non-idealities in
MIPA4k D/A conversion and order statistics extraction reduced the number
of matching bits to 81.6% [34] in a (8,1) neighborhood, in comparison with
the ideal bits obtained from Matlab. Figure 3.1 shows the contents of the
local digital memories of the 64x64 cells with MIPA4k after performing the
thresholding operation.

The total estimated time for pixel-parallel LBP extraction with MIPA4k
was less than 10us. In [56] a standard CPU implementation of LBP extrac-
tion with an image size of 1280x720 pixels took 1.8 - 29ms depending on
the configuration and the best GPU based LBP extraction result was 1.1ms
(optimized OpenCL implementation, without considering the time for I/0).
The total processing time per pixel with MIPA4k was 2.44ns, for standard
CPU 1.95ns-31.5ns and for optimized GPU implementation 1.19ns. Since
this was an initial implementation of the LBP extraction and it was im-
plemented indirectly via the ranked order extraction unit, the performance
could be held sufficient.

3.3 Optical flow with Local Binary Patterns

Representing the image texture as regional LBP histograms suites well to be
used in combination with the traditional computer architecture. However,
in order to make the LBPs better suitable for SIMD type computing, also
other alternatives which would better utilize the available parallelism should
be considered. Next, the LBPs are represented as bit-layers (see Figure 3.2),
so that each LBP thresholding direction is considered separately without the
decimal conversion and histogramming [31]. This makes it possible to apply
the full descriptiveness of the LBP to the SIMD type processors. In this
section, this approach is used to determine optical flow.

The approach has also the following advantages. First, if analog mis-
match is present in the computation of the LBP bits, in the case of a wrong
bit, the effect of the error can be restricted to that individual bit in the spe-
cific bit-layer (if the decimal conversion would be applied, the LBP might be
assigned into a wrong bin). Second, by performing global array-wise shifting
operations on all LLMs (i.e. to the digital Local Logical Memories within
each of the array cells), the LBPs within a reference area can be compared
efficiently to the sensor input which is not shifted.
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Figure 3.1: Original image (a) and directional LBP bits to (b) North, (c)
East, (d) South, (e) West, (f) North-East, (g) South-East, (h) South-West
and (i) North-West [34]. (c) 2010 IEEE.
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Figure 3.2: Bit-layer LBP representation [31]. (c) 2009 IEEE.

When the LBP bit directions are considered separately without the dec-
imal conversion, it can be observed that there are redundancy in the infor-
mative content of the LBP bits. For instance, it is illustrated in Figure 3.2,
that the comparison of the center bit with an intensity value of 45 into NW
direction with an intensity value of 79 effectively provides the same informa-
tion, than if comparing the NW direction bit with an intensity value of 79
as a center to its SE bit with an intensity value of 45. Therefore, only bits
b1-b4 shown in Figure 3.2 are used for representing the local neighborhood.
The method for comparing the bits within an image region into a reference
region was simply to count the sum of matching bits within the regions by
using a cell specific XNOR operation. This can be effectively implemented
with CNN type computing with array-wise operation applied on each of the
the LLMs, if a global sum operation is available [57]. Figure 3.3 shows an ex-
ample of motion vectors extracted in Matlab between two frames of a video
sequence by using the bit-layer method. Observe also, that the proposed
novel optical flow method should be robust against environmental effects,
such as temporal changes in illumination due to its non-parametric nature.

3.4 Application to the Analysis of Welding Pro-
cess

The CNN approach was proposed for the closed-loop control of a laser weld-
ing process in [58]. The the keyhole dynamics (i.e. full penetration vs.
partial penetration mode) in the welding area were analyzed on-line to con-
trol the laser power to optimize the welding quality. It was illustrated, that
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Figure 3.3: Optical flow from two succeeding frames using a search area of
25x25 pixels and a block size of 15x15 pixels [31]. Both the camera and the
robot are moving to forward direction. (c) 2009 IEEE.
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better weld quality could be achieved with this setup. Using thick section
steel is an emerging research area, and to obtain a satisfying welding qual-
ity the parameters (such as welding speed, laser power, focal position and
the type of shielding gas) need to be optimised. In this subsection, meth-
ods targeted to support the automated analysis of the welding process are
considered.

The KOVAL1 array processor was applied in the proposed application to
extract edges in laser welding application when using a second order LBP
neighborhood. The edges were extracted by comparing the analog current
values in the main vertical and horizontal directions to an adjustable thresh-
old. The result of the image capture was a B/W image sequence in welding of
thick ( > 8mm) steel at approximately 3500 Fr/s frame-rate. Before starting
the image capture, the camera was set to an adaptive integration mode [47],
which means that the integration time of the local pixels was adjusted by
the average of its neighboring pixels. This allowed the compression of the
dynamic range of the images, so that the very bright and very low intensity
regions in the imaging area could be captured. The laser power applied was
5kW, resulting into partial penetration with welding speeds of 2m/min and
3m/min [32].

3.4.1 Spatter segmentation
Laser welding

The first considered approach [32] for spatter segmentation was to extract
block based motion vectors between the successive B/W images by using
a binary pixel-wise sum of XNOR operation as a distance metric between
two matching blocks. The motivation for this was, that when capturing the
test sequences, the camera was set to a burst mode so that four successive
frames were always extracted at a high speed and then there was an idle time
in-between. The motion vectors were grouped according to their amplitude
and direction, and connected component labeling was used to segment the
spatters based on these properties. An example of the segmented spatters
is shown in Figure 3.4.

Arc welding

In manual arc welding application, spatter segmentation was implemented
by using Hough transform. The test sequence consisted of B/W images
captured at high speed (approximately 1408 Fr/s). In this case, a continuous
frame capture was used, where the whole image sequence without idles was
obtained. Figure 3.5 shows spatters extracted off-line by using the Hough
transform. Naturally, Hough transform can also be implemented on an
embedded FPGA platform.
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All motion flow vectors Segmented motion flow vectors

Figure 3.4: Illustration of the method for extracting spatters using optical
flow of B/W images [32]. Reproduced with kind permission from
Springer Science and Business Media, 2013.

Figure 3.5: Adaptive integration image captured with KOVA1 processor
from arc welding test and the corresponding B/W image in Matlab where
the spatters have been annotated automatically [33].
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3.4.2 Spatter tracking

A spatter tracking algorithm was implemented in Matlab to enable counting
of individual spatters. The algorithm was tested in manual arc welding and
laser welding scenarios. The implementation was based on looping through
a list structure in Matlab, so that each spatter was assigned multiple prop-
erties, including their velocity and size [33]. After going through all frames,
all the spatter instances were collected for further analysis.

Figure 3.6, shows the overall number of the spatters (the ground truth)
and the number of extracted spatters in the arc welding sequence. The x-axis
in this figure represents the total number of spatters in 100 frame intervals
at frames 1-1500. It can be observed that the overall number of spatters
(TP+FP) follows the ground truth. The error between the ground truth and
the overall result can still become quite large in some intervals, but for an
application such as calculating the statistics on the overall distribution of the
spatters (e.g. the movement direction) across the whole welding sequence the
current method could be sufficient. The advantage of the Hough transform
based segmentation is that the distinction between the vapour plume and the
actual spatters could be made more efficient in comparison with the B/W
optical flow method. Connected component labeling based segmentation
after a binary closing with a 3x3 template of all ones is shown as a reference
method in Figure 3.6. The main limitation of the tracking algorithm was
that it required the tracked spatter to be visible in every frame, which could
not always be achieved in the B/W sequence due to sensitivity of the B/W
threshold to disturbances.

3.5 Face Analysis with Focal Plane Processors

The objective of this section is to study, whether the LBP based face recog-
nition proposed in [9] could also be implemented efficiently on massively
parallel processors. The motivation for this lies in not only showing that
focal plane processors could be capable to this, but also to investigate which
kind of new capabilities would be required from the focal plane processors
to achieve a state-of the-art performance for face recognition. Previously,
in [59], a method for normalizing face images with the 64x64 cell ACE4k
CNN has been implemented. That method was based on detecting edges
from the input image and by calculating the axis of symmetry of the face
images from the vertical and horizontal projections of the edge pixels.

3.5.1 Proposed Face Localization Procedure

The proposed face localization procedure for focal-plane processors is a mod-
ification from one presented earlier (in Chapter 2 sections 2.2.4-2.2.5). The
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Figure 3.6: The manually annotated ground truth and the number of in-
dividual spatters detected by the segmentation and tracking algorithm in
the manual arc welding test [33]. The x-axis represents 100 frame captions
taken from the test sequence, starting from interval 1-100 (x value of 1) and
ending to the interval 1401-1500 (x value of 15). The y-axis represents the

total number of spatters in each interval.
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difference is that instead of considering individual decimal LBPs, the bit-
layer presentation of Figure 3.2 is used. First, a set of prototype faces is
selected, in practice they were again collected from the normalized FERET
set. Second, the binary images representing the bit-layers of the prototype
faces are extracted. For example, if there are Z grayscale prototype faces (as
in Section 2.2.4), then Z bit-layer images are extracted for each of the 4 bit-
layers. The specific Z bit-layer images are then placed upon each other, and
the sum of bits in integer form is calculated for each facial location across
all prototype faces. The resulting prototype faces are shown in Figure 3.7.
There is one prototype face for each of the bit directions (N, NW, W and
SW). The binary bit-layer prototypes (bottom row of Figure 3.7) were then
thresholded from the integer form ones.

The resized versions of the binary prototype faces in Figure 3.7 are then
slided through the array, by shifting the LLM bits within the array cells and
by calculating the number of matching bits by using a cell-specific XNOR
operation. The resulting bits are then applied to the flexible read-out of
unit currents from the specific cells. Figure 3.8 shows the results of face lo-
calization with bit-layers [34]. The actual bit layers were extracted from the
MIPA4k processor after D/A conversion and ranked order statistics based
LBP extraction. The effect of erroneous bits can be seen if the ideal match
is compared to the one obtained using the non-ideal bits in Matlab (the
matching percentage indicates the minimum localization threshold in 1%
steps in accuracy). It can be observed, that also in the case of mismatch the
face localization procedure gives correct results.

3.5.2 Proposed Face Recognition Algorithm

The face recognition algorithm, which was proposed in [60] and [29] extracts
first the locations of each individual LBPs. For each LBP a separate binary
image is generated, which represents in which facial locations (a 1 bit if LBP
is in that location and 0 otherwise) the LBP exists. These binary images
are denoted as occurrence maps. As a consequence, the locations of the
individual LBPs are preserved. Lately, also a distance transform on specific
occurrence maps [13] has been proposed, which support the assumption that
the actual locations of the LBPs matter. The facial area is divided also in
3x2 regions as shown in Figure 3.9. This is done for two reasons. First, the
regions enable weighting the face comparison procedure so that the facial
areas which are more discriminative are given more importance [9]. Second,
it allows using different orientation selective operations on each block.

The matching of two faces (one acquired and one stored to the memory)
is done by searching for minimum distance between the acquired face and the
stored face. First, each occurrence map of a face is dilated into each of the 8-
neighboring directions a pre-determinated number of times (e.g. by 3 times).

48



N NW W SW

Figure 3.7: Average prototype faces to each of the four bit-layer directions
and their thresholded versions [31]. The thresholded face prototypes were
resized in sizes 20x20, 25x25, 30x30, 35x35, 40x40, 45x45 and 50x50 to detect
faces in different spatial scales with the bits extracted from the MIPA4k
processor. (c) 2009 IEEE.

Then a block specific dilation direction is selected for each of the 3x2 blocks
separately so that the distance to the stored face is minimized (thus the
identity of the stored face may or may not represent in this step the acquired
face). Then, the sum of matching bits between the acquired occurrence maps
and the occurrence maps of the stored faces is calculated. The recognition
result is then the identity of the person stored to the memory, whose number
of the matching bits from the acquired face is the maximum. If there are
more than one faces stored to the memory, the acquired face is compared to
each of them separately, and the identity of the stored face which maximizes
the similarity is chosen as the recognition result.

Table 3.2 shows the rank 1 recognition rate of the occurrence map al-
gorithm (LBP-AM) in the (8,2) LBP neighborhood in comparison with the
original LBP algorithm in [9] with the FERET set [36]. The rank 1 recogni-
tion rate means that the acquired image always has to be correctly identified
as the nearest image to the set of images stored to the memory. Thus, the
larger the number of the stored faces, the more difficult it is to obtain a
rank 1 match. The performance of the reference algorithms are standard
implementations of the CSU evaluation system [61]. The proposed method
could provide an average increase in the recognition accuracy over [9] of ap-
proximately 4% with weighting. The method proposed in the previous chap-
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(a) 62% (ideal 62%) (b) 62% (ideal 65%)

(c) 62% (ideal 65%) (d) 63% (ideal 67%)

(e) 58% (ideal 65%)

Figure 3.8: The percentages above show the number of matching bits to pro-
totype faces in order to localize the faces correctly with a minimum possible
threshold using 1% accuracy [34]. The detections represent peaks in the
"faceness’ map, where a perfect match (100%) fully corresponds to the bit-
layer prototypes. The leftmost percentage represents the actual detection
with bits extracted from the MIPA4k, and the percentage in the parenthesis
(ideal) represents the detection with bits extracted ideally in Matlab. (c)
2010 IEEE.
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Figure 3.9: Adaptive face alignment of the occurrence map algorithm [29].

ter (section 2.2.1) for feature vector length reduction was also used in this
experiment (applied to reduce the number of occurrence maps). Without
weighting, interestingly, the algorithm outperformed its counterpart in [9]
by 14%. A possible future direction for improving the algorithm could be
to modify it to operate rather with bit-layers (as in the case of the proposed
optical flow algorithm), than with the entire LBP code, which could pro-
vide further insensitivity to bit errors in case of non-idealities in the LBP
extraction.

3.5.3 LBP processing hardware

The proposed face recognition algorithm is described in a framework of a
massively parallel face recognition system in [29]. The transistor level de-
signs for the LBP processing using a neighborhood comparison unit, and
LBP matching unit were described in [54], [29]. In Table 3.3 the effect of
mismatch to the LBP based face recognition is estimated using the frame-
work proposed in [9]. Roughly a mismatch value of one percent could be
tolerated without significant effect to the final recognition rate.

The proposed cell structure in [29] is described in a high abstraction level
in Figure 3.10. The redundancy in the occurrence maps is encoded/decoded
by memory code/decode unit, since most of the bits in the occurrence maps
are zeros. Since 30 uniform and symmetrical LBPs were selected, one oc-
currence map location could be encoded into 5 bits. Unit current (see Fig-
ure 3.10) is needed for counting the number of matching bits by applying
a flexible cumulative analog read-out from the local regions [57]. On an
image database of 1000 faces the elapsed time for recognizing a face was
estimated acceptable in [29]. A main disadvantage of the face representa-

51



‘ Method ‘ b ‘ fc ‘ dupl ‘ dup2 ‘ average ‘
LBP-AM(8,2) 97% | 86% | T1% | 67% 80%

Weighted
LBP(8,2) [9] 97% | 79% | 66% | 64% 76%
Weighted
LBP(12,2) [26] | 95% | 85% | 64% | 66% 7%
Weighted

LBP-AM(8,2) 95% | 85% | 69% | 63% 78%
Non-weighted
LBP(8,2) 9] | 93% | 51% | 61% | 50% | 64%
Non-weighted
PCA MahCosine | 85% | 65% | 44% | 22% 54%
Bayesian MAP | 82% | 37% | 52% | 32% 51%
EBGM optimal | 90% | 42% | 46% | 24% 51%
LDA Idasoft 73% | 47% | 45% | 18% 46%

Table 3.2: Rank 1 face recognition accuracy of the occurrence map algo-
rithm [29]. At the time of publication the results were among the best
for LBP. However, recently advanced methods reaching significantly higher
recognition rates have been reported (e.g. [14], [13])

‘ Mismatch % ‘ fb ‘ fe ‘ dupl ‘ dup? ‘ average ‘

0 97% | 80% | 66% | 64% 7%
1% 96% | 73% | 66% | 65% 75%
2% 95% | 69% | 64% | 58% 1%
3% 94% | 63% | 62% | 57% 69%
5% 92% | 55% | 57% | 49% 63%

Table 3.3: Mismatch effects for histogramming with weighting [29] according
to recognition procedure in [9].
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Figure 3.10: Dedicated LBP processing cell structure [29].

tioin in this case lies in its higher feature vector length (approximately 4
times longer than one in [9]) if using 130x150 sized images. This is because
the exact directions of the LBPs are stored to the occurrence maps, instead
of only considering the regional histograms. The implementations of the
neighborhood comparison unit and LBP matching unit are shown in Fig-
ures 3.11 and 3.12. In Figure 3.13 a mismatch value of roughly one percent
was achieved with larger transistors, which could be considered sufficient for
face recognition.

3.6 Discussion

In this section, methods for extracting LBPs with SIMD hardware were
proposed. The proposed methods could be expected to give a positive impact
on better applicability of the focal-plane processors for e.g. high speed
industrial process control and other embedded applications, which require
compact size, high speed and high power efficiency. As a summary, the focal-
plane approach would seem to provide a simple means for implementing a
face recognition system or equivalent into a very compact size by taking
advantage of the existing focal-plane processor hardware. One of the main
challenges of this approach lies in the inaccuracy of the analog thresholding
operation. Therefore, some of the proposed methods were further designed
to cope with this limitation.
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Figure 3.11: Neighborhood comparison unit (analog part) of the LBP match-
ing hardware [29]. Transistors M1-M6 provide the current to the unit and
the other transistors operate as switches. For instance, when the North bit
of the LBP is extracted the switch N is turned on and the I_cell coming from
e.g. in-cell photodiode is compared to the one coming two cells above. Si-
multaneously the circuit provides its photodiode current to two rows below,
so that also the cell two rows below can extract its N bit. For directions
NE, SE, SW and NW the currents are interpolated between two neighboring
cells.
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Figure 3.12: Digital part of the LBP matching hardware [29]. The LBP
bits are stored to 8 SRAMs. The LBP matching is a two step process, first
the LBP bits with a value of one are checked and then the bits with value
of zero. In the first step, the control bits corresponding to LBP bits that
are required to be one are set HI and an inverted LBP pattern is fed to the
programmable NOR unit. The result fed to the output unit is zero if all
LBP bits with value one match. Second, the LBP bits with value zero are
checked by using the non-inverted LBP as input to the NOR block and by
setting the control bits which are required to be zero to a HI value. If the
results of the first and the second step after the NOR inverter are both 0,
the two input NOR port at the output unit gives result one (match).
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comparison unit [29]. A 0.13um CMOS process was used.
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In face detection or localization, the lack of efficient image scaling func-
tionality from the focal-plane processors caused the need for resizing the
sliding window instead of scaling down the image size. This was circulated
by changing (increasing) the sliding window size in this work, but in gen-
eral, the scaling functionality - if implementable - would be very beneficial
keeping the applicability of the focal-plane processors in mind.

The proposed optical flow method was designed for SIMD processors in
particular and it could provide further robustness in applications where the
environmental effects (e.g. temporal illumination changes) cause difficulties.
Although the proposed optical flow method was not implemented on-chip, it
can be expected to reach very high frame rates with the existing focal-plane
processors, when a flexible global sum readout functionality is provided. The
time needed for the calculation of the global sum could be expected to be
the main limiting factor when considering very high frame operation rates
(e.g. up to 1000fps) [62].
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Chapter 4

Discussion and Conclusions

The thesis provided an introductory section to the LBP and the used con-
cepts in the first chapter. In the second chapter, an a priori model for
n-tuples, LBPs, and uniform LBPs was presented. Since the a priori occur-
rence probability of n-tuples with i.i.d. data is constant (if not considering
interpolation), the approach could be seen as a combination of the pro-
posed i.i.d. model, the LBP representation and ordinal n-tuple based image
representation. The runs test for permutations which is a well known non-
parametric test for randomness was linked to the uniform pattern selection
of the LBP methodolody. In particular, the patterns with few runs were
shown to contribute to the increase of the number of uniform patterns with
natural images in comparison with the a priori model. When generated
by monotonic n-tuples, the response of uniform LBPs is enhanced, which
could indicate that the uniform patterns also correspond to the determinis-
tic structures of the image.

High descriptor k uniform patterns were shown to be very rare accord-
ing to the a priori model, while becoming quite common with natural image
data. However, it should be noted that although the a priori probability of
an individual high descriptor k window is small, the overall probability of
all high k windows (e.g. uniform and non-uniform) is the same as for lower
k. These patterns are typical to edges and monotonically changing inten-
sity structures. Non-parametric image descriptors, in general, suffer from
inherent sensitivity to noise [40], [22], and it seems that at least partly the
selection of uniform patterns for the LBP histogram could provide additional
robustness for the LBP representation to noise [28], [63].

Inspired by the applied feature analysis, a new non-parametric image
transform, called non-parametric symmetry transform was proposed. The
negation invariance property of the transform calculates the difference of
the original pixels rank from the rank of the median. The term symmetry
in this context was originally related to the local micro-symmetry of the
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LBPs. This approach showed better performance than the rank transform
in a face recognition experiment and reduced also the dynamic range of
the output values. The usage of the previously proposed rank transform,
which is closely related to the proposed symmetry transform has been fur-
ther studied in [40]. In [40] an additional convergence property for the rank
transform was proposed and the sensitivity of the rank transform to noise
was explained. This could also be one factor behind the better performance
of the symmetry transform in the face recognition experiment. However, an
interesting observation based on the recognition results between the symme-
try transform and the rank transform was that the overall rate was increased
by roughly an equal amount between each test set, which could indicate that
noise robustness is not the only factor behind the higher recognition rates
(for example, the symmetry transform could include tolerance to rotation,
facial mirror symmetry or some other characteristics).

In the third chapter, the Local Binary Pattern approach was proposed
for massively parallel focal-plane processor arrays. Focal-plane processors
can potentially provide a very high image analysis throughput due to a high
bandwidth between the photodiodes and the local processing elements. In
the authors knowledge, the LBPs have not been applied to this domain be-
fore. The research questions posed in the beginning of the thesis - which
kind of features should be incorporated to the massively parallel arrays to
promote their applicability to real world problems - was hence confronted.
In the proposed framework, methods for extracting the LBPs, an optical
flow algorithm based on a modified LBP representation and methods for lo-
calizing, and recognizing faces with massively parallel processor arrays were
described. A coarse estimation on the performance constraints of a dedi-
cated system performing face recognition was also performed. The proposed
face recognition algorithm also utilized one of the previous experimental re-
sult in the earlier work [26], in order to reduce the final feature vector length.
Thus, the proposed methods could be expected to have an impact on wider
applicability of focal-plane processors to practical applications. Also, the
research question - which kind of applications would benefit the most from
focal plane processors was confronted in the context of analysis of laser weld-
ing process with the KOVA1 camera. In the future, methods towards on-line
control of laser welding process of thick steel are targeted.
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Appendix A

Appendix of paper contents

A.1 Reducing the Feature Vector Length in Local
Binary Pattern based Face Recognition

The local binary pattern method was proposed for face recognition in [8].
The length of the feature vectors was denoted in that paper as one drawback
of the method. This paper presents a method for reducing the length of the
feature vectors in LBP based face recognition. The idea is to divide the
uniform LBPs into classes by the number of their zero and one bits. The
minimum between the total number of one and zero bits of a LBP was de-
noted as the symmetry level of the pattern. It was empirically observed with
the standard FERET set, that the classes with higher symmetry performed
better than the patterns with low level of symmetry. Also qualitative anal-
ysis showed that the facial regions could be efficiently represented by the
high level of symmetry patterns.

The analysis was taken advantage of in reducing the final length of the
LBP feature vectors. The idea was to use a bin of their own for higher level
of symmetry uniform patterns and to combine the bins of each rotation
invariant category of the lower level of symmetry patterns. As a result the
overall number of bins in an individual uniform LBP block histogram could
be reduced in half with only 0.3% negative effect to the final recognition
rate.

A.2 A Shape-preserving Non-parametric Symme-
try Transform

This paper extends the idea of the previous article into a new non-parametric
transform beyond the LBP neighborhood. It is shown, that the proposed
new non-parametric image transform can be seen as a modification of the
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rank transform, while showing an interesting additional property of negation
invariance. The performance of the proposed transform was compared to
the rank transform in face recognition, and a major improvement in the
recognition accuracy was obtained with the standard FERET database. It
also performed quite well in comparison with original LBP, although the
performance of the weighted LBP was higher.

An another application scenario proposed was searching of salient points
in images. In this context, saliency relates to high symmetry level of the
local neighborhood, i.e. the center pixels are near to the local median of the
window. In empirical tests the high symmetry level locations showed also
tolerance to image transformations such as local rotation.

A.3 A Statistical Approach for Characterising Lo-
cal Binary Patterns

The paper presents an a priori model for the LBPs, where the image pixels
are seen as instances of order statistic variables. The analysis in the paper
is based on the observation, that when the number of ones (or zeros) in the
pattern increases, the overall a priori probability of the class of patterns be-
longing onto each category remain constant. As a consequence, the number
of pattern combinations within each class determines the overall probabil-
ity of each pattern. The distribution of the LBPs thus follow roughly the
binomial distribution.

A more general interpretation is, that the symmetry level concept used
in articles 1 and 2 also characterizes the a priori probabilities of the non-
parametric local windows (e.g. in Census transform). With i.i.d. data the
occurrence probability of a certain local window which possess a high level of
symmetry is significantly lower, than the lower level of symmetry locations.
Also, an illustration of the LBP distribution on a natural test image is
shown. In Equation 3, the more compact form in references [38] and [28§]
can be obtained by rewriting the (J‘]f) as M!/(k!x (M —k)!). There is also a
typo in the Proof of Theorem I after the sentence ”The recursion follows:”
the next J(M, k)=k/(m —k + 1) x J(M, k + 1) should be J(M, k)=k/(m —
E+1)xJ(M,k—1).

A.4 A Massively Parallel Face Recognition Sys-
tem

This paper presents a framework for implementing an embedded single chip
LBP based face recognition system, including the implementation and analy-
sis of its main building blocks. The paper covers and extends the contents of
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the previous conference publications [55], [54] and [60], which are therefore
not included to this reprint (in order to avoid repetition). Two alternatives
for extracting the LBPs with focal-plane processors were proposed. The
first was to use a standard CNN type comparison templates and to store
the LBP bits into the LLMs of a CNN. The other method was to design
dedicated citcuitry for the extraction and matching of the LBP bits. These
included a neighborhood comparison unit, which produce the LBP bits to
the LLMs of the array, and a neighborhood matching unit which was used
to determine in which locations a certain LBP exists in the array.

The trade-offs in implementing the proposed system were also discussed.
The face recognition algorithm was a modified version of the one presented
in [8], taking into consideration the actual locations of each LBP on the
focal-plane array. Thus, a histogram representation of the LBP was replaced
with spatial representation, where the location of an individual LBP could
be preserved. If not considering mismatch effects, the proposed algorithm
performed slightly better than the one in [8]. The earlier method presented
for reducing the feature vector length was also taken advantage in this al-
gorithm. In the example of Equation 7 the interpolation weights are only
approximative. An example of exact weights using bilinear interpolation can
be found e.g. in [35] in the case of (8,1) neighborhood.

A.5 On the Spatial Distribution of Local Non-para-
metric Facial Shape Descriptors

This paper presents a method to form an average image of local non-paramet-
ric descriptors, which can be used for the analysis of the distribution of each
individual LBP across the area of human faces. The idea is to normalize
the density of each individual LBP histogram specific to each pixel position
in the facial area accross a large database of cropped face images. It is il-
lustrated, that the density of the low level of symmetry uniform patterns is
most typical to the eye areas, while the higher level of symmetry patterns
typically occur in areas of the nose, cheek and eye surroundings. Thus, the
concentration of LBPs in various orientations change accross the area of
human face in average.

The proposed method is applied to face detection, by implementing a
face detector which searches accross different spatial scales by accumulat-
ing the evidence of each LBP in its expected location. The detector can
achieve a moderate detection accuracy (i.e. > 80% with 200 false positives)
using the standard full CMU+MIT database. Considering the simplicity of
the approach, the detector performs quite well, although not achieving a
state-of-the-art detection performance (e.g. compared to machine learning
approaches such as in [1]).
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A.6 Regional Image Correspondence Matching
Method for SIMD Processing

The paper presents a new kind of LBP representation, which is applied
for optical flow analysis and face localization. The proposed methods are
designed for SIMD type focal-plane processors in particular. The new LBP
representation is based on comparing the center pixel not to its all eight
neighbors, but only to four neighbors next to each other. The redundancy
of the LBP representation is thus reduced, because adjacent pixel pairs are
not compared twice to each other, while the center pixel is also taken into
consideration.

The optical flow method is based on shifting the bits inside the array
cells with respect to reference bits which are not shifted. The method re-
quires means for global readout of the matching bits within the array. The
face localization method is based on a similar principle as the previous pub-
lication, except of the different LBP representation. The prototype faces are
produced in integer form by assigning the LBP bit images in top on each
other and by summing the bits. These images are then again converted
from integer form through a threshold operation to a binary form and then
slided through the array. The performance of the face localization method
is estimated with the full CMU+4MIT set, and it is concluded that it could
perform quite reliably in the proposed application with limited image size.
It should be noted, that the optical flow vectors for SAD method of Fig. 3
in the publication are over pessimistic due to an unfortunate coding bug.

A.7 Extracting Local Binary Patterns with MI-
PA4k Vision Processor

The paper presents a method for extracting LBPs with MIPA4k vision pro-
cessor. The method is based on using the ranked-order statistics unit of
the MIPA4k for deriving the LBPs. The selected method was considered
to be the most practical with the actual MIPA4k prototyping system. The
number of correct LBP bits in comparison with LBPs affected by MIPA4k
mismatch is also analyzed. The LBP bits read from MIPA4k were used
in Matlab to analyze whether the face localization procedure presented in
the previous publication also work in the presence of mismatch. It is con-
cluded that with applied test images the face localization is robust to circuit
non-idealities.
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A.8 Towards Understanding the Formation of Uni-
form Local Binary Patterns

The purpose of this paper is to increase the understanding on the Local
Binary Patterns by seeing them as combinations of permutations. The oc-
currence probability of each of the permutations with i.i.d. data is constant,
so that a permutation space can be defined between the intensity and LBP
representations. Mapping operators from the intensity space to the permuta-
tion space, and from the permutation space to the LBP space are presented.
The main contribution of the paper to the analysis of uniform patterns is
to describe how circularly monotonic permutations tend to further increase
the occurrence frequency of uniform patterns with natural image data, and
that these permutations are also among the most common individual per-
mutations with natural image data.

The paper extends the previous technical report of the author, and can
provide new perspectives to the relation between LBPs and n-tuples. Note
that the test of the number of ties among uniform and non-uniform patterns
in Fig. 20 is affected by the larger relative share of uniform patterns in
comparison with non-uniform patterns. If the normalization would be done
against all patterns in both cases, the number of ties within non-uniform
patterns would naturally be smaller.

A.9 Characterizing Spatters in Laser Welding of
Thick Steel Using Motion Flow Analysis

The paper presents an approach to characterize spatters in laser welding.
The methods are based on the analysis images captured at high speed with
the KOVA1 focal-plane processor. The B/W images were captured at multi
kFr/s rate in bursts, and the off-line analysis step in Matlab consisted of
determining the motion vectors between image pairs. The approach was
based on determining the motion vectors in a fine grid of predetermined
size, and to reduce the representation of the motion vectors in quantized
amplitude (length) and direction (angle) components. A connected compo-
nent analysis step was then applied to segment the spatters according to
their characteristics.

Depending on the search window size and the block size, the proposed
method could also be implemented in FPGA for high speed analysis. The
purpose of the paper is to represent first steps toward a system allowing
automated analysis of the characteristics of the welding process of thick
steel.
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A challenge related to the implemented approach is the distinction be-
tween the actual spatter objects and the plume, which could cause false
positives. It was proposed in the paper, that future work could contain
tracking the detected spatters in a longer time-scale.

A.10 Spatter Tracking in Laser- and Manual Arc
Welding with Sensor-level Pre-processing

This paper extends the previous paper considering the characterization of
spatters in laser welding by introducing a spatter tracking algorithm to
enable the counting of individual spatters in laser and arc welding. As in the
previous paper, the KOVA1 processor was again used to extract the edges
of the spatters and to provide a robust image representation by adjusting
the pixel’s integration time by the average of the neighboring pixels. Hough
transform and connected component analysis were considered as alternatives
to perform the spatter segmentation as an off-line process in Matlab. The
principle of the tracking algorithm is to compare the linear estimate of the
next spatter location based on frames t-2 and t-1 to each of the new spatters
in frame t, enabling the update of the tracked spatters as a list structure.
All of the spatters during the tracking are afterwards collected to a list for
further analysis. This approach can give information on the directions and
velocities of the spatters within the welding image sequences.

The methods were tested against a manually generated ground truth in
two welding sequences, the first of which was manual arc welding and the
second laser welding. It was concluded, that the algorithm (TP+FP rate)
could roughly follow the actual spatter behaviour within the test sequences.
In the future, it is planned that some of the methods proposed could be
implemented on an FPGA by in-camera processing.
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Abstract

Local Binary Patterns (LBPs) are a class of local non-parametric image descrip-
tors, which have been applied to several applications such as texture analysis,
motion detection and biometric authentication with a high discriminative perfor-
mance. In many applications, such as in face recognition the length of a feature
vector becomes high, since it consist of information on the distribution of differ-
ent LBP combinations in varying spatial locations. We analyse the properties of
different LBPs in a statistical view and derive a new LBP characterisation method
called symmetry. It is based on our observation that the occurrence probabilities
of the LBPs follow roughly the binomial distribution.

Keywords: Local Binary Pattern, LBP, natural images, statistical
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1 Introduction

Non-parametric local image descriptors allow tolerance against various image dis-
tortions, such as intensity bias changes and other monotonic transformations [1].
Local Binary Patterns (LBPs) belong to the class of non-parametric local image
descriptors and were first proposed for texture analysis in [2]. Recently, the LBPs
have been applied also to several other applications such as motion detection [3]
and human biometric authentication; face detection [4] and analysis [5], and palm-
print identification [6].

Efficient selection of LBP features is of major importance due to the relatively
large number of combinations needed in the LBP representation. For example,
in [3] each pixel in a scene was modelled as a group of adaptive LBP histograms.
Two main approaches for feature vector length reduction has been proposed. First,
the LBPs can be divided into shift or rotation invariant classes, which also pro-
vides local rotation invariance [8]. Second, it has been empirically observed that
the LBPs with a low number of circular 1-0 and 0-1 transitions are more frequent
and discriminative than the others [9]. In this paper we present a finding, that the
binomial probability distribution governs the average LBP occurrence probabili-
ties. As a concequence, the discriminative efficiency of the LBPs is dependent on
a measure called symmetry [10], which characterises the binomial property.

2 Background

In the derivation of non-parametric descriptors a local window is usually formed,
which values are determined by intensity comparisons to a center pixel (Figure
1). This process is usually also used in the derivation of more traditional non-
parametric measures, such as the rank transform [1] and the census transform [7].
In the census transform a square 2D window is used which is compared using
the hamming distance to another window in an another image to find a level of
correspondence. With the LBPs a 1D circularly shaped window is used instead of
2D, reducing the amount of possible window combinations. A smaller number of
window combinations (different LBPs) allows a more compact representation of
an image or an image region by a LBP histogram.

2.1 Derivation of a Local Binary Pattern

In Figure 1, a sampled neighborhood of a pixel is shown. If a sample point is lo-
cated between pixels its value is the average of the neighboring pixels. Each pixel
in the image is used as center point x.. so that M/ samples are taken in a contour of
a circle with radius r. This is denoted by LBP(M,r). The Local Binary Pattern is
derived so that, starting from a certain angle (shown in Figure 1 by straight line),
following the circle on a fixed direction (clockwise or counterclockwise), sample
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Figure 1: Local Binary Pattern with radius r=1 (up) and r=2 (down) with M sam-
ples

points are compared to the center point and set to binary 1 or 0, depending on the
intensity of the sample compared to the center point. If the grayscale value of a
sample pixel is greater than the center point, the binary value 1 (0) is selected and
0 (2) is selected otherwise. If the radius r is one, a pixel can be compared with all
of its eight nearest neighbours shown in Figure 1 (top). A binary pattern with M
bits is generated by storing the consecutive binary values. The patterns can also
be converted into a decimal form. Total of 2™ different values can be generated
using M bit patterns.

As a result, each pixel is replaced with a binary pattern (except the borders of
the image where the neighbours can not be explicitly determined). The feature
vector of the image usually consists of the histogram. The initial length of the
histogram is 2. If there are multiple (V) regions in an image, the histograms
can be concatenated into a single histogram with length V - 2™, The purpose
of dividing an image into regions is to include more spatial information into the
histogram. For the histogram comparison there exists several methods. These
include histogram intersection, log-likelihood statistics, and Chi-square statistics.
It is also possible to use multiple LBPs simultaneously (with possible different
radiuses) to describe a certain location, which on the other hand, increase further
the feature vector length [11].

2.2 Applications of the LBP methodology

Recently the LBP methodology has been applied on several other computer vision
applications beyond texture analysis [8], for which it was first proposed. In mo-
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tion tracking [3] adaptive LBP histograms were used in natural scenes to model
the background and to detect moving objects (e.g. humans and cars) using back-
ground substraction. In comparison to other common approaches the method was
shown to be very competitive. In the field of face analysis, the LBP methodology
has also been shown to be very competitive against the state-of-the art [5] in the
recognition accuracy. In LBP based face recognition a face image is divided into
several regions. For each region a LBP histogram is generated and the concate-
nated histogram of all the face regions is used as the face feature vector. In [12]
a step towards recognizing all the faces in the FERET (The Facial Recognition
Technology) database was taken by using LBPs with Gabor filtering. However,
in addition to improving the recognition accuracy, generating the histograms for
each Gabor filtered orientation faces further increases the length of the face feature
vector compared to [5]. In the other fields of face analysis the LBP has succesfully
been applied for face detection [4] and pose estimation [13]. LBPs have also been
applied to other human biometrics such as palmprint identification [6].

2.3 Existing feature selection methods

A major difficulty in taking advantage of the LBP representation is the length of
the feature vectors which, for example in face recognition, assess demands on
the memory storage with larger facial databases [5], [12]. Fortunately there ex-
ist feature selection methods for further characterisation of the LBPs allowing a
feature vector length reduction. Two known methods are rotation invariance [8]
and uniformity [9]. Reducing all the LBPs which are rotation invariant (or shift-
ing invariant, considering the leftmost and the rightmost LBP bits as neighbours)
with respect to each other to a single histogram bin can be used to make the rep-
resentation locally rotation invariant, simultaneously reducing the amount bins.
However, in addition to feature vector length reduction this method usually also
reduces the recognition accuracy. Another method is uniformity [9], in which the
LBPs are characterised by their number of 1-0 and 0-1 transitions. For example,
the LBP 10111011 has four transitions and the LBP 11110000 has two circular
transitions (the leftmost and the rightmost bits considered as neighbours). Using
the LBPs with at most two circular transitions, in addition to a decrease in the his-
togram length, has shown also to maintain the recognition accuracy unaltered [5].
The usage of uniformity is based the fact that locally there exist strong mutual
correlations among natural images.

Clearly, in most applications certain LBPs are more discriminative than the
others. It is likely that for a some degree the discriminatory power is also appli-
cation dependent. Therefore also search methods have been proposed to find an
optimal subset of LBPs [11]. Furthermore, in some applications such as motion
tracking from video it could be possible to adaptively boost the optimal subset
of selected features [14]. However, it is clear that these last two methods also
increase the computational complexity of the algorithm.
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Figure 2: LBP(4,1) distribution with gaussian i.i.d. image data

3 Characterising the LBP sampling

To investigate the distribution of the LBPs the data samples are first considered to
be i.i.d. Although with natural images there exist strong local dependencies, our
intention is to investigate whether the LBP sampling process itself has anything
to do with the LBP distribution. This can be justified by the fact that even natural
images are not fully dependent, but in a statistical view contain some degree of
independency [15]. Also, it can be assumed that the pixels locally follow some
probability distribution, which may vary globally.

To illustrate our approach, we generated a gaussian distributed i.i.d. random
image with a size of over one million pixels (LBPs). The standard deviation used
was 255. The LBP operator used was LBP(4,1) i.e. with radius of one and
sample number of four (samples taken in the vertical and horisontal directions).
The distribution of the occurrence probabilities of different LBPs is shown in the
Figure 2. First, it can be observed that the LBPs are not distributed uniformly,
yet rather symmetrically. It can also be observed, that there exist regions of equal
probability, which are formed by the following LBPs (0000, 1111 - probability
of 0.2), (0001, 0010, 0100, 0111, 1000, 1011, 1101, 1110 - probability of 0.05)
and (0011, 0101, 0110, 1001, 1010, 1100 - probability of 0.033). It is evident that
the distribution can be determined by using the binomial distribution so that there
exist 2 - () = 2 elements of probability 0.2, 2 - (}) = 8 elements of probability
0.05, and (g‘) = 6 elements of probability 0.033. Furthermore, we see that the
total sum probability of each of the first two LBP classes is equal to 0.4, and the
sum of the probabilities of the third class is 0.2. Hence, the probilities sum up to
one.



3.1 The occurrence probability of LBPs with i.i.d. data

In the following we show the generality of the previous illustration with any i.i.d.
data distribution. A rank of a LBP is either the number of ones (e.g. number of
samples above the center pixel x.) or the number of zeros (e.g. number of samples
below or equal the center pixel z..) in that pattern. A rank class consist of all LBPs
with the same rank. We show using the order statistics [16] that the probability
for a certain LBP rank P (M, k) is constant with any i.i.d. data distribution. As
a consequence, the probability for an individual LBP to occur P,zp(M, k) with
I.i.d. data distribution follows the binomial distribution.

Definition 1 The probability P(M, k) for a certain rank class is, i.e. that some &
out of M + 1 samples are above (or below) a certain sample z.. is,

< (M
Pt = [~ () e - Fap s ®
where F'(x) is the cumulative probability distribution c.d.f. and p(z) is the prob-

ability density distribution p.d.f. of all the samples.

Theorem 1 The probability P(M, k) for a certain rank class is constant,

1

M+ 1 @

P(M,k) =
A proof is provided in the Appendix I.

Corollary 1 The probability of a LBP to occur with any i.i.d. data, with a rank
(or symmetry level) of k is,

1

Prpp(M, k) = W

©)

Note that if we leave (]‘lf) out of Definition 1 we obtain the Corollary 1 directly
by following the proof. This result also extends to discrete distributions, where it
is possible to obtain two instances for a same value. In that case a randomization
procedure (determining the order of samples using uniform distribution) can be
used.

To obtain the probability for each LBP we have to divide P(M, k) with the
number of binomial combinations related to the rank classes. Hence, the proba-
bility for a certain LBP to occur Prgp(M, k) is presented in the Equation 3. This
result states that the occurrence probabilities of the LBPs with i.i.d. data distri-
bution change binomially (the symmetry which is later defined can also be used
instead of k).



3.2 Definition of the symmetry

The number of ones or the number of zeros (the rank of a LBP) could be used
as such to discriminate the LBPs into classes. However, if we are interested in
characterising the LBP occurrence probabilities in a statistical view, this descrip-
tion is not unique. The level of symmetry [10] L, is the minimum between the
total number of zeros | B; =" /|, | - | being the cardinality of the set, and the total
number of ones |B; =’ 1| in a LBP (Equation 4), where index i goes through all
bit locations

Lgym = min{|B; =" 1'|,|B; =" 0'[}. 4)

If the number of LBP samples is M, the range of the symmetry values obtained
using Equation 4 is [0, M /2] for even M. For odd M the range is [0, (M — 1)/2].

For clarity, let us again consider Figure 2. The overall probability for symme-
try class L, = 0is 0.4. This probability consist of two rank classes, one for LBP
0000 and the other for LBP 1111. Both these rank classes possess the probability
1/(M + 1) = 1/5 to occur. Hence the overall probability for the symmetry class
Ly =0is2-1/5 = 0.4. The overall probability for symmetry class L, = 1is
also 0.4, which consist of four LBPs belonging to a rank class with one 0, and four
LBPs belonging to a rank class with one 1. Also both these rank classes possess
the probability 1/(M + 1) = 1/5 to occur. Hence the overall probability for the
symmetry class L, = 1isalso 2-1/5 = 0.4. However, with the symmetry class
Ly,m = 2 there is only one rank class left and therefore the overall probability for
this classisonly 1/(AM +1) = 1/5 = 0.2. This is for even M. If M were odd, also
the middle rank (or later, spacing) would need to be considered twice.

3.3 Properties of the symmetry

The measure of symmetry L,,,, is invariant with respect to any increasing moto-
tonic transformation in the same way as the the rank and LBP’s rank classes. Also,
symmetry is invariant with respect to any decreasing monotonic transformation,
and as a consequence, with respect to any monotonic image transformation (map-
ping) [17]. Symmetry is also locally rotation invariant, in that for a certain pattern
with a certain symmetry level all the rotations and their negations (including the
negation of the pattern itself) exist among the same symmetry level. For uniform
patterns (of second order) the symmetry includes uniquely all the rotations of a
pattern and their negations.

3.4 Spacings

Spacings can be used to illustrate the expectations of the r¢h order statistics [16].
The expected length for a spacing is £, = E[z11) — x(,], Where z(,) is the
rth ordered sample. If we use a two-valued window, or LBP to represent a order
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Figure 3: Illustration of spacings related to even and odd (M) LBP symmetry

statistics, its number of ones (or number of zeros) i.e. the rank tells how many
samples were above (or below) the center pixel x.. If the LBP contour samples
with i.i.d. data are arranged in the order of their magnitudes, the expectations E.
can be used to represent their distribution. For simplicity, let us consider i.i.d.
data with uniform distribution (Figure 3). The probability for each spacing is
1/(M + 1), which is the probability that a random center sample z.. falls into a
certain spacing. The number of spacings is the same as the number of the rank
classes. It can be seen from the Figure 3 that one symmetry class usually covers
two rank classes or spacings. However, if a LBP (or its center pixel x) represents
a median i.e. the highest symmetry with an even number of samples M, there is
only one rank class or spacing to deal with (Figure 3).

Given some LBP (with i.i.d. sample data) the determination of its occurrence
probability goes as follows; determine LBP’s symmetry using the Equation 4 and
then determine its occurrence probability using the symmetry level L, as k in
the Equation 3. In the following section we will consider the LBP probabilities
with natural image data.

4 Experimental Study of LBP Distribution with a
Natural Image

In this section we will consider the occurrence probabilities of the LBPs with
natural image data with respect to their symmetry levels. In order to characterise
the distribution of the LBPs with natural images the occurrence probabilities of
each symmetry class is measured.

In each rank class the amount of combinations is ( Lfm). In each symmetry
class, except the case of even A and the median spacing, there exist total number
of 2(Li‘jm) combinations, which are used for normalising the P (M, k) to obtain
Prpp(M, k). In the case of even M and the median spacing (the highest symme-
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Figure 4: Test image ’city’, 1600x1200 pixels (grayscale)

try) the normalising factor is (Lj‘fm) Rather than showing the normalised proba-
bilities, which follow the binomial distribution we show the average probabilities
of the symmetry classes.

In Table I, uniform i.i.d. noise is added to test image. The LBP(12,2) opera-
tor is used, for which the average occurrence probabilities of the symmetry levels
are shown. The test image intensities vary between 0 and 255. Noise value of n%
is added by calculating a zero-mean uniformly disitributed matrix, which varies
between —0.5 - n/100 - 255 and 0.5 - n./100 - 255.

In the following, we give two examples of how to interpret Table | (and the fol-
lowing Tables). The total probability for symmetry class Ls,,,, = 4 with 15% i.i.d.
uniform noise added, in the Table I, is 0.161. To obtain the average Prgp(M, k)
the 0.161 have to be divided with 2('?) = 990. The average Prpp(M, k) is then
0.000163. With L,,,, = 6 in Table I and 15% noise level the symmetry class prob-
ability is 0.092. In this case (the highest symmetry level) the 0.092 is normalised
(divided) with (*?) = 924. The result for average P, zp(M, k) is then 0.0000996.

It can be observed from Table I, that also with a natural image the distribution
of the LBP occurrence probabilities remain binomially distributed, since the nor-
malisation evidently leads to this (the occurrence probabilities of the symmetry
classes are relatively near each other before the normalisation). We have noticed
this behaviour with several kinds of natural images, representing different LBP
fields of applications. Table I also illustrates that by adding an independent com-
ponent to an image slowly changes the distribution of the symmetry levels to that
expected of i.i.d. data.



L, probabilities with LBP(12,2), (%) uniform noise added

| 0% | 5% | 10% | 15% | 20% | 25% | 30% | 40%
0.170 | 0.118 | 0.126 | 0.131 | 0.136 | 0.138 | 0.141 | 0.145
0.094 | 0.123 | 0.134 | 0.140 | 0.144 | 0.147 | 0.148 | 0.150
0.116 | 0.137 | 0.145 | 0.149 | 0.151 | 0.152 | 0.153 | 0.154
0.128 | 0.147 | 0.152 | 0.155 | 0.155 | 0.156 | 0.156 | 0.156
0.143 | 0.160 | 0.161 | 0.161 | 0.160 | 0.159 | 0.158 | 0.158
0.203 | 0.196 | 0.182 | 0.173 | 0.168 | 0.164 | 0.162 | 0.158
0.146 | 0.119 | 0.101 | 0.092 | 0.087 | 0.084 | 0.082 | 0.079

OO W N O

Table 1: Average percentage of patterns.

5 Discussion

According to the information theory, the information content of an event is a de-
creasing function of its occurrence probability [18]. This has to do also with the
discriminative efficiency of the LBPs. If we are able to match a LBPs (e.g. in two
separate face images) with having a low occurrence probability (i.e. high level of
symmetry L,,,,), the match seems to be be more discriminative than if we had
obtained a match of a LBPs having a high occurrence probability (i.e. low level
of symmetry L,,,).

Symmetry is a measure of how much the LBP sampling neighbourhood devi-
ates from the local median. We could also draw an analogy from the symmetry
to the well-known non-parametric one-sample sign test, where random samples
taken from a continuous population are used to test whether a known median cor-
responds to the unknown median of the population. The degree of confidence is
then determined from the binomial distribution. With the LBP symmetry we use
a hypothesis, that the median of the sample distribution is fixed, i.e. the center
sample.

In feature vector length reduction for improving the performance the LBP
based systems, symmetry suites to be used together with the previously known
uniformity [9] method. Actually, these two measures complete each other in that
uniformity measures the circular correlation i.e. dependency between the samples,
while symmetry is based on a degree of statistical independency.

6 Conclusion

The Local Binary Pattern (LBP) occurrence probabilities were shown to be char-
acterised by the binomial distribution. As a consequence, the occurrence proba-
bilities of certain LBPs are significantly lower than the others with natural images.
The average occurrence probability of a LBP is determined by its level of symme-
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try, which can be easily calculated for each individual LBP. We used the fact that
high level of symmetry patterns are the most discriminative in [10] for face recog-
nition. Due to its statistical nature, also LBP applications beyond face recognition
can take advantage of this consept.

6.1 Appendix: Proof of theorem 1

P(M,k) = /Z (f) F(2)F[1 — F(2)|M*p(x)da
- / ()= pepar)
denote F(z) =y
[ (fyo-ae
( ) J(M. k)
For k =0,
J(M,0) = M1+ 1

For k > 0, integrate by parts :

1
J(M, k) =udv=0— / vdu
1 0 (5)

_ ]\k/[—i_ f /0 yk+1(1 B y>M—k—1dy
M —k
k41
The recursion follows :

k
M—-Fk+1

J(M,k+1)

J(M, k) = J(M,k+1)
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1. INTRODUCTION

Face recognition is easy for humans but extremely difficult
to perform with computer systems reliably in varying en-
vironmental conditions. Traditionally, the development of
computer-based face recognition systems has concentrated
on algorithm design, while the implementation cost in the
hardware level in the form of, for example, speed and power
consumption has been on a lower priority.

Methods such as PCA (principal component analysis)
[1], also called as the eigenface method, and LDA (linear dis-
criminant analysis) [2] aim at a more compact face represen-
tation (feature vector). This is performed by minimizing the
mutual dependencies between the samples producing more
uncorrelated and compact features. A variant of the PCA,
two-dimensional PCA (2DPCA), was presented in [3]. As a
consequence, the length of a face feature vector was increased
with the overall recognition rate. After the computation of
the feature vectors, a classifier, such as an SVM (a support
vector machine) [4], is used to determine a distance mea-
sure between certain faces. This is performed by maximizing
the margin between the different sample classes. In elastic
bunch graph matching (EBGM) [5], the face is represented
as a graph consisting of nodes which are represented by jets
and edges describing the facial features. The jet is a descrip-
tor of a local image region and it can be constructed using
a wavelet approach. Some variants of the above-mentioned
methods are not well suitable for high-speed implementa-
tions with large facial databases [6].

Nonparametric features called local binary patterns
(LBPs) have recently shown high discriminative performance
in many applications, for example, in face recognition [7].
The results in face recognition were achieved in compari-
son to state-of-the-art recognition methods including PCA,
LDA, Bayesian classifier, and EBGM using a standard CSU
(Colorado State University) [8] and FERET (the facial recog-
nition technology) [9] environment.

The term nonparametric refers primarily to the fact that
no assumptions are made on the local probability distribu-
tions of the image pixel intensities. The main advantages of
nonparametric LBP features are invariances against various
transformations, such as lighting bias and rotation. The ad-
vantages of massively parallel processing include high image
processing performance, since the operations are performed
simultaneously for a large number of processing units con-
nected together into an array. We intend to use massively
parallel processing to accelerate the performance of the LBP-
based face recognition, allowing a compact implementation,
including the imaging device (CMOS image sensors). Many
real world applications can be predicted for this embedded
face recognition system, for example, biometric face authen-
tication in security applications.

The cellular nonlinear network (CNN) technology [10]
is a powerful tool for high-speed massively parallel image
processing. The concept of a programmable massively paral-
lel CNN-UM (CNN-universal machine) processor was pro-
posed in [11] where programming capabilities and mem-
ory were to be integrated to the same chip. Several chip
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implementations have been made to show that extremely
high computation power can be included in a single chip [12]
and a QCIF (176 x 144 pixels) resolution binary I/O CNN-
UM [13].

This paper describes a massively parallel face recogni-
tion system. The system consists of three parts, which are
mixed-mode or CNN-UM-based LBP sampling method-
ology [14], a LBP-based massively parallel face recogni-
tion algorithm [15], and a dedicated mixed-mode hard-
ware for the proposed algorithm (partly described in [16]).
The sampling method which we present has the advantage
of a speed increase up to 5 times compared to a mod-
ern standard computer, with on the other hand, some de-
crease in sampling accuracy and flexibility in the LBP sam-
pling neighborhood size. In addition to face recognition,
where the sampling speed is not critical, other high-speed
LBP applications are likely to benefit from this sampling
concept.

The presented algorithm is very competitive against the
previous LBP-based face recognition algorithms in the recog-
nition accuracy, while a trade-off between the face descrip-
tion length and recognition accuracy remains. The algorithm
is flexible in that it can be applied beyond mixed-mode im-
plementations for a massively parallel digital FPGA which
does not introduce a significant decrease in the sampling ac-
curacy. The dedicated mixed-mode hardware implementa-
tion for the proposed face recognition algorithm is presented
in detail in schematic level with simulations considering mis-
match and A/D conversion accuracy restrictions. This infor-
mation can be used for determining whether it is appropri-
ate for certain specific applications to use a fully digital or
a mixed-mode implementation. At this point, the dedicated
hardware is not fabricated, instead its performance is esti-
mated using simulation tools.

2. THELOCAL BINARY PATTERN METHODOLOGY

Local binary pattern (LBP) methodology was presented in
[17] as a texture measure. It is based on comparing each
grayscale pixel to its nearby samples and producing unique
binary patterns based on the relative intensities of the pix-
els. The neighborhood is defined to be circular allowing in-
variance against rotation. First versions of the LBP were im-
plemented using an eight pixel nearest neighborhood, but
later circular neighborhoods with an arbitrary radius have
been used. Also neighborhoods with multiple radiuses have
been suggested in [18]. As a texture descriptor, the LBPs have
shown to be very efficient in the view of computational com-
plexity and recognition accuracy (see [18, 19]).

Recently, the LBP methodology has been applied also on
several other computer vision tasks beyond the face recogni-
tion and the texture analysis. The LBP was used in [20] for
modeling the image background and detecting moving ob-
jects. A combined face detection and recognition system was
implemented in [21]. Also, many other computer vision ap-
plications for the LBP have been implemented, such as pose
detection, context-based image retrieval, and industrial pa-
per quality inspection.

r=2,8§=8
=1,5=8 O
r.O. _‘ L
O o O o
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RACRE

Local binary pattern: 11010101
Decimal: 213

FIGURE 1: Local binary patterns with radiuses  of 1 and 2 and sam-
ple number S of 8.

2.1. Deriving the LBP feature vectors

Figure 1 represents the derivation (sampling) of an LBP.
Comparison of the contour pixel intensities with the cen-
ter pixel is started from a certain predetermined angle and
proceeded in a certain direction, for example, clockwise. The
LBP is generated by going through the whole local circle con-
tour. If a circle contour sample is located between two pix-
els, the actual value of the sample is found out by interpo-
lation (e.g., the average). As a result, each original pixel is
replaced by its LBP representation, which is invariant with
respect to monotonic grayscale changes and, in certain cir-
cumstances, rotation [19]. A histogram of length 25, where S
is the number of local contour samples, is generated to de-
scribe an image or a region in an image. Several methods ex-
ist for histogram comparison, such as the chi-square statistics
employed in [7].

The number of bins in the histogram can be reduced
from 25 using uniform [22] patterns which consist of at most
two circular 0-1 and 1-0 transitions. For example, patterns
11000011 and 00011100 are uniform patterns (the leftmost
and rightmost bits are considered neighbors), and patterns
01010100 and 01101101 are not uniform patterns. Further
reduction on the number of histogram bins can be achieved
by using a discrimination concept called symmetry [23].

The level of symmetry is the minimum between the total
number of zeros |B; =" 0’|, | - | being the cardinality of the
set and the total number of ones |B; =’ 1’| in an LBP (1),
where index i goes through all bit locations

Lsym:min{|Bi:' 1'|,|Bl‘:'0’|}. (1)

By using uniform patterns with a high level of symme-
try (e.g., 00111100 and 11110000), the number of histogram
bins can be reduced significantly (for S of 8, the reduction is
88%) from 25.

In [19] rotation invariant categories for the local binary
patterns were defined. Certain local binary patterns can be
rotated from each other to a minimum value so that each
of the patterns in a certain class produces the same deci-
mal value. For example, patterns 01100000, 00110000, and
00011000 belong to the same rotation invariance class since
the minimum value that can be extracted by shifting all these
patterns is 00000011.



Olli Lahdenoja et al.

3. LBP-BASED FACE RECOGNITION

In general, the process of recognizing, whether a specific
input face (e.g., sensed by a camera or integrated sensors)
matches one of the N reference faces stored into the mem-
ory, consists of many separate comparison steps. Two faces,
the input face and the stored reference face, are compared
with each other in each step. A distance measure (e.g., an
integer number) is derived based on the comparison result
according to (2),

dmatch = argmin d(faceinput) facestored,l:N)- (2)
d

Depending on the value of the distance measure d, the
probability of the individuals to be matched can be deter-
mined. In the LBP face recognition, the face is usually divided
into regions that can be used with or without weighting to
enhance the spatial accuracy.

3.1. The histogram-based method

In [7] the face recognition was based on dividing face images
into several spatially neighboring (e.g., 7 X 7 with 130 x 150
8-bit grayscale images) histogram regions, and an LBP his-
togram was constructed to represent each of these regions.
A face descriptor was then a concatenated histogram of all
the regions. A weighted chi-square distance (3) between the
concatenated histograms was used with w denoting weights
and S and M denoting the sample and model distributions,
respectively. Index j is specific to a block and index i to a his-
togram bin,

(Sij — Miy)*

2 o] »J

X(SM) = D wj=— 2 (3)
i / S,‘)]‘ +M1‘,j

Not all the regions were considered equally important,
but when comparing the feature vectors (concatenated his-
tograms) the more informative face areas such as the eyes and
the mouth were weighted (multiplied) by a factor that was
considered to be optimal for the overall recognition results.
In practice, the weighting factors were determined from the
effect of that specific region on the overall recognition rate
by neglecting all the other regions at a time.

3.2. The occurrence map method

A problem with the histogram approach [7] is related to the
block division, since the borders between the blocks may
lose information in the face comparison. If an LBP is slightly
moved near the border of two blocks, it can move from one
block into another. This causes a relatively large effect on the
histograms of specific blocks. If the number of blocks is large,
the occurrence probability of this block mismatch increases.
More importantly, the spatial relations of the LBPs inside a
block are not preserved by the histogram representation.

To improve the recognition accuracy of the LBP, we
presented the occurrence map method for face recognition
in [15]. Since each pixel can be replaced by a unique pattern

Face 1 Face 2

Occurrence map Occurrence map

Dilation

]

Comparison

M directions

Storage

Maximum
selection

FIGURE 2: The matching algorithm.

in the LBP methodology, we chose to represent the occur-
rences of a certain pattern in an image (or an image region)
by a binary occurrence map. For each histogram bin (LBP),
a separate binary occurrence map is generated (with the size
of the original image), that represents the locations for which
that specific pattern occurs. The occurrence maps are com-
pared with each other so that the other map is first dilated
into certain directions. With D LBPs there will be an equal
number of occurrence maps for describing their locations.
The representation with D occurrence maps is possible with
a tolerable feature vector length due to the two LBP compres-
sion methods, uniformity and symmetry.

4. FACE RECOGNITION WITH THE OCCURRENCE
MAP METHOD

The flow diagram for comparing two faces using the pro-
posed algorithm is shown in Figure 2. The two collections
of occurrence maps, one representing the input face and the
other representing the stored reference face, are given as the
inputs to the matching process. A certain LBP is chosen to be
processed. As a consequence, one occurrence map is chosen
at a time, from both occurrence map collections (for face one
and face two). Also, the image has been divided into blocks
so that a spatially corresponding block is selected from both,
the input face and the stored reference face.

The binary occurrence map of the face number two is
dilated in a predetermined direction (e.g., N, W, S, E, etc.)
a predetermined number of times. The dilated occurrence
map is compared to the corresponding block of the other
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SELECT the input face,
FOR each N stored faces,
FOR all occurrence map pairs (total of D),
FOR each block,
FOR each direction M,
K times Dilations,
ADD (AND (occurrence maps)),
STORE (add),
END FOR,
END FOR,
ADD (block specific sums),
END FOR,
SELECT overall block direction
ADD (block and direction specific sums)

END FOR,
MAX(add)
ALGORITHM 1
Input face Reference face
T ]
—
o O
O
%
o °
M~ —

FiGure 3: Examples of block matching vectors for matching two
faces.

occurrence map (of face number one) by using a (local)
AND operator for the whole array simultaneously. The di-
lation is repeated for M directions. Comparison results rep-
resenting the similarities between the occurrence maps for
specific dilation directions are stored into memory storage.
Block specific occurrence map matching results are summed
together, so that an optimal dilation direction is searched for
each block. This means that the matching direction is spe-
cific for the whole block consisting of D occurrence maps.
The dilation is performed only for either one of the faces un-
der comparison. Following pseudocode illustrates the steps
within each other performed during the comparison algo-
rithm, see Algorithm 4.

Figure 3 represents an example of determining the block
matching vectors, indicating the optimal dilation direction.
Our method allows tolerance against slight changes in rota-
tion and scaling adaptively between the images. In the case
of comparing face images which represent different individ-
uals, the optimal dilation direction is used to match the most
informative regions (e.g., the eyes) into corresponding loca-
tions. In the case of comparing different images taken from

the same individual, the optimal dilation direction is able
also to match the features specific to that individual.

4.1. Simulation environment

The performance of the proposed algorithm was simulated
in Matlab environment. Face images (130 X 150 X 8bit)
normalized by the CSU (Colorado State University) face
recognition evaluation system were used [8]. In [7] the same
system was used since it allows comparison to the other exist-
ing state-of-the-art face recognition methods. FERET (the fa-
cial recognition technology) [9] database is used by the CSU
system. The FERET database is divided into five image sets.
The gallery set contains frontal images from 1196 people and
it is compared against four probe sets. The fb probe set con-
tains 1195 face images with alternative expressions. The f¢
set contains 194 photos taken in different lightning condi-
tions. The dup]1 set is taken later in time and it contains 722
images. The dup?2 set contains 234 face images taken at least a
year after the corresponding gallery image. The CSU system
uses the eye coordinates of images for normalization. After
that, the actual recognition process is performed for the dif-
ferent methods.

4.2. Feature vector generation

Sample number S of eight was used in [7] with the radius
of two to obtain the best recognition accuracy. This resulted
in the initial length of the histogram representing a certain
region (block), of 256. This could be reduced to 59 by us-
ing only uniform patterns. By taking the advantage of the
symmetry, the number of bins of a region could further be
reduced to 30 with a negligible effect on the average recogni-
tion rate [23].

A total of 30 binary occurrence maps (of size 130 X 150)
can be used to describe the locations of each LBP (or a group
of LBPs) in an image uniquely. In a certain location (array
cell) there is only a single unique LBP at a time. These 30
occurrence maps can therefore be encoded losslessly using
5 bits of accuracy, resulting into the initial length of the face
feature vector of 126 X 146 x 5 bits. The total length (includ-
ing all face regions) of the histogram representation in [7]
with S of eight was 2301 8-bit bins. Compared to this, the
feature vector generated by using the binary occurrence maps
and the proposed algorithm will be approximately four times
larger.

One alternative for generating more compact feature vec-
tors would be to subsample the images or the LBP images
into a lower vertical and/or horizontal resolution, since the
feature vector length is reduced quadratically with respect
to the sampling ratio. However, eventually, there will exist
a trade-off between the recognition accuracy and the resolu-
tion.

A suitable amount of consecutive dilation operations was
experimentally found to be three. The images were sized ac-
cording to the CSU normalization procedure as in [7] and 30
histogram bins (or equivalently 30 occurrence maps) were
used. Using more dilations caused the dilated occurrence
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TaBLE 1: FERET results with the occurrence map algorithm.
Method fb fc dupl  dup2  Average
LB,P'AM(S’Z) 97%  86%  71%  67% 80%
weighted
LB'P(8,2) 71 97%  79% 66% 64% 76%
weighted
LB.P(IZ’Z) (23] 95%  85%  64% 66% 77%
weighted
LBP-AM(S’Z) 95%  85% 69% 63% 78%
F1GURE 4: Division into 3 X 2 blocks and the respective weights. nonweighted
LBP(&.Z) 7] 93%  51% 61% 50% 64%
nonweighted
PCA MahCosine 85%  65%  44% 22% 54%
map.of the face number two to cover an unnecessarily large Bayesian MAP 8%  37%  52%  32% 51%
porltjlogl.l.of t};ef(;ther oc;urrznce. ma};l) and the.occurrence EBGM optimal 90%  42%  46%  24% 51%
probability of false matches during the comparison opera- LDA Idasoft 73%  47%  45% 18% 46%

tion was increased. The normalized face images were divided
in the simulations to a total of six blocks as shown in Figures
3 and 4.

We performed simulations with and without block
weighting. The weighting was applied for each specific block
according to values shown in Figure 4. The optimal compar-
ison results for the blocks were multiplied by the weights
to enhance the effect of face areas which are considered as
the most significant in the view of the recognition (e.g., the
eyes) and decrease the effect of less significant areas on the
final result. The weights chosen are close to that used in [7].
A proper size for the regions was determined from iterative
simulations. The sizes of the blocks that resulted in the best
recognition accuracy were much larger (total of 6) compared
to that of [7] where 49 blocks were used for the same sized
images. Effect of slight displacement in face images to the
weighted recognition accuracy should therefore be less in our
method than in [7]. Furthermore, the number of block di-
lations can be tuned in our algorithm in order to take into
account larger displacements, if needed.

As the amount of dilation directions was increased from
four to eight, also the recognition accuracy was improved,
since the adaptivity of the algorithm was increased. There-
fore, eight directions were used in the implementation of the
algorithm (N, NE, E, SE, etc.).

4.3. Simulation results

The results of the simulations for LBP(S, radius) are shown
in Table 1. They consist of rank one recognition rates, which
means that the exact match of the input image and the ref-
erence individual is required. The LBP-AM (adaptive match-
ing) is used to denote the proposed occurrence map algo-
rithm. The reference results are the same as in [7, 23], since
the same CSU normalization procedure has been used, al-
lowing an objective comparison. The LDA, PCA, EBGM, and
Bayesian recognition rates are the standard implementations
of the CSU system.

Table 1 shows that the proposed algorithm outperforms
the previous LBP-based algorithms, [7, 23] in the recogni-
tion accuracy and also the other standard CSU implemen-

tations of PCA, LDA, Bayesian MAP, and EBGM for each
FERET set. The increase in recognition rate with weighting
is approximately 4% compared to [7] and 3% compared to
[23]. The improvement in the recognition accuracy without
weighting is as much as 14.0% compared to [7]. If the al-
gorithm is to be implemented as an embedded FPGA (digi-
tal sampling applied) the recognition rates are not expected
to decrease, since mismatch is not present. However, analog
sampling exposes the recognition rates for a slight decrease
as demonstrated in the later sections.

5. HARDWARE ALGORITHM CODESIGN

For the LBP extraction and face recognition, two different
mixed-mode massively parallel hardware architectures are
considered. First, a standard CNN-UM can be used which
has the advantage of being a flexible general-purpose system
allowing larger manufacturing volumes with a lower cost.
On the other hand, the performance of the face recogni-
tion system in the terms of silicon area, power consumption
and speed can be optimized by a dedicated massively paral-
lel hardware implementation. The dedicated implementation
requires simultaneous hardware algorithm codesign. Both
implementations mentioned above consist of an array of pro-
cessing cells which operate in mixed mode, that is, carrying
out computations based on both digital and analog process-
ings. Some issues in mixed-mode processing have to be care-
fully taken into account, to ensure that the system functions

properly.

5.1. Internal accuracy

Mixed-mode processing is well suitable, for example, for in-
tegrated near-sensor processing, where the sensed phenom-
ena are continuously valued. Then there is no need for time-
consuming A/D conversion in the data acquisition phase.
In practice, the limited internal accuracy of semiconduc-
tor devices affects the results of continuously valued array
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operations. A main source of internal inaccuracy is device
mismatch, which affects even basic current thresholding and
multiplication operations. The effect of mismatch can be re-
duced, roughly speaking, by increasing the size of the devices.
Therefore, there exists a design trade-off between the pro-
cessing accuracy and the array resolution, since the number
of cells in an array depends on the size of a single cell (as-
suming a fixed array size). In a dedicated massively parallel
implementation, mismatch is used as a design constraint. It
should be small enough to ensure correct (enough) opera-
tion, but on the other hand, oversizing the cells should be
avoided to achieve a proper array resolution.

5.2. Read-out of results

Massively parallel mixed-mode systems can gain extremely
high computation power, but in addition to the internal ac-
curacy, the read-out of results is usually a performance bot-
tleneck. One alternative is to use embedded A/D convert-
ers inside each array cell, but this has the disadvantage of
increasing the area of the cells. Another approach is to use a
limited number of A/D converters so that the read-out from
the cells is performed sequentially. On the other hand, this
decreases the overall computation speed. In certain applica-
tions, we are not interested in the exact results among each
cell, but, for example, the sum of the results among a cer-
tain subset of cells. In this case it is possible to use a read-
out scheme such as proposed in [24], where a unit current
switch is placed into each cell and these are wired together
into a common output. The output current is then A/D con-
verted. This functionality is not embedded into a traditional
CNN-UM, since it requires, for example, extra wiring, but
can relatively easily be implemented on a dedicated massively
parallel array.

5.3. Architectural issues

The architecture of the massively parallel platform assesses
strict limitations on the types of algorithms that can be rea-
sonably mapped on it. Most importantly, since the array con-
sists of identical cells connected usually only on each other
in the local 8 neighborhood (e.g., in the case of CNN-UM)),
only operations that can be defined by a template describing
this kind of neighborhood can be executed. In image pro-
cessing, most of the operations needed can be mapped into
a local form. It would be helpful in many applications, if the
size of the neighborhood could be increased. However, this
causes a need for excessive wiring in the layout of a massively
parallel array, and is therefore difficult. Also, a large num-
ber of inputs into each cell would increase the cell size and
might affect the internal accuracy of the computations. The
LBP methodology is relatively well suited on massively par-
allel processing, since in most applications, neighborhoods
with eight to twelve neighbor connections are enough for op-
timal performance [7].

Sizes of CNN arrays currently in use are sufficient for a
large variety of image processing applications, for example,
face recognition (a common size of the arrays is becoming to

be at least 128 x 128). If resolution is limited or larger images
need to be processed, it is possible to read image data one or a
few blocks at a time and process these blocks separately with
the CNN or a dedicated array processor. The speed and the
complexity of the implemented algorithm, however, are de-
pendent on how many processing cells are available assuming
a certain input frame resolution.

6. CNN-UM TEMPLATE ALGORITHMS FOR
LBP PROCESSING

In the following, we show either how the CNN-UM can be
used only for LBP sampling with a large variety of different
potential applications or how it can be used for face recog-
nition with either the histogramming or with the occurrence
map method. A sample number of eight is a practical maxi-
mum for radius one LBP transform. Consequently, eight log-
ical memories (LLMs) must be allocated for LBPs, since a
standard CNN operates in 8 nearest neighborhood.

6.1. Obtaining the local binary pattern

In order to extract the local binary patterns, the input im-
age is written to cell input and the state is initialized to zero.
S threshold operations are used to generate the S-bit local bi-
nary pattern (one bit per direction) and the result of each
comparison is stored in an LLM (local logic memory). As a
result, LLMs of individual cells contain the LBP pattern in
that specific location. The LBP process of comparing sample
points one by one to the center point can be modeled with
[10],

Xij = —xij+a-ya+ > Bijxun, (4)
kIEN,

where a is the center element of the A-template. The cell in-
puts are denoted with uy; which are multiplied and summed
with the B-template. The x;; and %;; are the cell state and the
rate of change of the cell state, respectively. The center ele-
ment equals unity and all other elements of A are zero. The
output nonlinearity here is the threshold function

xii+1] — |x;;—1
J’ij=(P(xz'j)=| ! |2| - l (5)

The comparison is applied circularly for S different direc-
tions.

The bias I is zero for all the following comparison tem-
plates. The templates in Table 2 are constructed according to
(6) and are used to implement the LBP transform with the
radius of one. With the CNN-UM, the LBP radius can be one
(or in some cases two) covering most of the practical pur-
poses. Increasing the sample number increases the amount
of comparison templates so that the number of comparison
template operations is equal to the number of samples S, for
one input frame. For example, using a neighborhood of one
with a sample number of four, only templates T, Ty, Ts, and
T are used with a certain input image. Interpolation between
two adjacent pixels is shown in the template of (7) with the
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TaBLE 2: Threshold templates for LBP with r of one and S of eight.

Template bp by by bs by bs bs b; by
T, 1
T, 1
T; 1
Ty 1
Ts 1
1
1
1

Ts
T;
Ts

S O O O o ©
=Rl o=

radius of two and sample point direction of threshold tem-
plate T5. In this equation, the average of the two pixels with
weights of a half is thresholded against the center pixel. Also,
a larger area can be used for the interpolating neighborhood
in a similar manner. If the radius is two, the algorithm works
exactly the same way, with a radius of one, except that the
center pixel is now thresholded against a circle with a larger
radius,

by by bs
Br:l = bS bO b4 > (6)
b; bs bs
000 -1/2 0
000 0 -1/2
B2={001 0 0 |. (7)
000 0 0
000 0 0

6.2. LBP occurrence map generation
and histogramming

The LBP occurrence maps are directly extracted from the
results of the thresholding operations. The operations such
as dilation and the AND operation are readily available in
the CNN-UM.

Pattern matching can be used to construct a histogram of
the LBP patterns of an image or a region of an image. One
option of creating the histogram of LBPs is to match them
using the local logic unit (LLU) of a CNN-UM. In the be-
ginning of the comparison operation, LBPs are stored in S
local memories. A logic OR operation is applied bit-serially
for the contents of those LLMs that are required to be LO.
The result of this is inverted and written into a vacant LLM.
Furthermore, a logic AND operation is applied bit-serially
for the result of the inversion and the contents of those LLMs
that are required to be HI. The result is HI when the LBP
matches the required pattern. This operation requires a rel-
atively large number of bit-serial logic operations for each
bin of the histogram. For example, if S is 8, and the num-
ber of ones in the desired pattern is 3, we need 4 LLU OR-
operations (for the bits that are to be zeros), one LLU inver-
sion operation (for the result), and 3 LLU AND-operations
(for the bits that are to be ones).

The sum of the ones (one indicating an LBP match) in
the binary occurrence maps that result after the subsequent
pattern matchings equals the amplitude of the histogram bin
of a certain local binary pattern. If the input image fed to
the CNN contains only a certain block or blocks of the ac-
tual input image, the pattern matching has to be performed
for each block or a subset of blocks separately. Then, the
decrease in parallelism increases the overall execution time.
Assuming that the input frame is processed by P blocks at
a time and the image is divided into total of R blocks, the
amount of pattern matching and comparison operations is
multiplied by R/P. The ratio of R and P can be decided
based on the input resolution and speed requirements of the
application.

6.3. Selecting symmetrical and uniform patterns

The selection of uniform and symmetrical patterns can be
carried out by applying the pattern matching only for these
specific patterns. A category of LBPs can be unified into a
single occurrence map by using a cell specific AND operator
applied for the whole array simultaneously. The patterns that
are neither uniform nor symmetrical can be concatenated
into the same occurrence map by a similar approach, using
“do not care” conditions in pattern matching, or by summing
the A/D converted results outside the array for these spe-
cific LBPs. A similar approach can be used for the dedicated
mixed-mode hardware implementation for unifying the oc-
currence maps, by using AND operator implemented in the
neighborhood logic unit.

6.4. A modified CNN-UM cell for LBP sampling

A slightly modified CNN cell can perform the pattern match-
ing using a CNN pattern matching template [25]. Figure 5
shows the modified part of a CNN cell with S = 8. The
first modification is that S LLMs need to be accessible simul-
taneously so that they can act as multiplier inputs instead
of cell input. Whether the inputs to the multipliers come
from the memories or from the cell input is programmable
via switches. Moreover, the outputs of the multipliers can
be programed to be redirected either to neighbors (normal
CNN operation) or to the state node of the cell itself. In other
words, the multipliers normally used for neighborhood op-
erations are utilized in pattern matching operations.

A 3 % 3 pattern matching template for second-order uni-
form LBP of 00111000 is shown in the template of (8). The B
template consists of the pattern to be matched so that a mi-
nus one corresponds to a white pixel, a plus one to a black
pixel, and a zero to a “do not care” condition. The bias z is
defined as 0.5-N where N is the number of pixels required to
be either black or white,

000 -1 -1 -1
A=1010], B=]11 0 -1], z=—7.5.
000 1 1 -1

(8)
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6.5. Effect of mismatch on histogram-based
face recognition

Determination of the LBP of a pixel requires a comparison
of the pixel value to its neighbors. Comparison can be per-
formed easily in the analog domain by subtracting two cur-
rents from each other. However, since the comparison is per-
formed in the analog domain, the mismatch of the analog
devices corrupts the result. We chose to simulate the effect of
mismatch in the face recognition with histogramming.

We carried out simulations as to how much analog mis-
match is tolerated in the comparison operation. The stan-
dard FERET database [9] of different sets of facial images
normalized by the CSU system [8] was used. The simulations
were carried out so that prior to determining the feature vec-
tor of an image, normally distributed noise generated with
Matlab was added to the image so that a noisy pixel value
becomes

0,

Pi jinoisy = Pi,j + i - % * 255, 9)
where 7;; is an element of a zero mean, standard devi-
ation one, normally distributed noise matrix, and 255 is
the maximum pixel intensity. Table 3 shows the results of
the face recognition simulation with different percentages of
mismatch. A radius of two with M = 8 was used. The results
show that the mismatch affects mostly those images that were
taken in different illumination conditions. The results shown
in Table 3 were simulated so that all images, both the refer-
ence images and the probe images in fb, fc, dup1, and dup2,
were corrupted by noise. If noise was only added to the probe
images, the degradation in the average recognition accuracy
was about half of that shown in Table 3.

6.6. Effect of quantization in analog read-out

We also examined the effect of quantization in the analog
read-out on the recognition accuracy in Table 4. We chose
to use feature extraction without weighting and used the

TABLE 3: Mismatch effects for histogramming with weighting.

Mismatch % b fc dupl dup2 Average
0 97% 80% 66% 64% 77%
1% 96% 73% 66% 65% 75%
2% 95% 69% 64% 58% 71%
3% 94% 63% 62% 57% 69%
5% 92% 55% 57% 49% 63%

TaBLE 4: FERET histogram-based face recognition results with
quantization.

Method fb fc
LBP optimal
nonweighted 93% 52% 61% 49%
r=2,M=38
LBP 6 bits

nonweighted 93% 49% 61% 50%
r=2,M=38
LBP 5 bits

nonweighted 92% 47% 56% 47%
r=2,M=38

dupl dup2 Average

63.8%

63.3%

60.5%

histogram method [7]. With the block size that we used,
the maximum dynamic range was between zero and 378
(21 * 18). With the occurrence map algorithm, the block
size is larger, but also the magnitude of the sum of ones af-
ter the comparison phase is much smaller due to the coding
into occurrence maps. We noticed that the bin amplitudes
of more than 255 corresponding to eight-bit accuracy had
no effect on the recognition accuracy. The upper limit of the
dynamic range was then divided by a scaling factor, for ex-
ample, four when six-bit accuracy was used. In practice the
recognition rate did not decrease even with seven-bit accu-
racy. With six-bit accuracy, the average recognition result was
decreased only by 0.5%. Six- or seven-bit accuracy can rather
easily be reached by the ADC. With five-bit accuracy, the ef-
fect on recognition rate was larger resulting in a total decrease
of 3.3%. This means that summing up the currents from all
cells in a block and converting with a 7-bit A/D converted
give practically an unaltered performance.

7. A DEDICATED LBP HARDWARE

A dedicated hardware architecture for the adaptive occur-
rence map matching algorithm consists of external mem-
ory, a massively parallel processor array (including integrated
current-mode imaging sensors), a control unit, and a mem-
ory interface which includes a cache. The organization of
these units is illustrated in Figure 6.

The size of the external memory depends on the number
of stored face feature vectors. With reference face database
of 100 images, the size of the external memory becomes ap-
proximately 9.76 Mbits or 1.22 Mbytes (100 images * 150 *
130 pixels * 5 bit/pixel). The memory interface performs the
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FIGURE 6: Architecture of the recognition system.

decoding of LBP images to binary occurrence maps which
are used by the array processor. We propose using a cache
of one feature vector (reference face) which results the size
of approximately 97.5 kbits or 12.2 kbytes. The cache is in-
tegrated on the same chip with the array. The array pro-
cessor itself performs only binary operations, in addition
to the LBP feature extraction (sampling). The control unit
is integrated on the same chip and sends instructions and
receives data to/from the array processor and to/from the
memory interface. The control unit also processes the (A/D
converted) results from the array.

7.1. Adedicated LBP processing cell

The dedicated LBP processing cell in Figure 7 can be used
only for LBP sampling and possibly histogram generation,
or it can be used for the dedicated occurrence map algo-
rithm. The parts of the LBP cell which are targeted for LBP
sampling are highlighted with gray. The full LBP cell for the
face matching algorithm based on the occurrence maps in-
cludes CMOS image sensor, instruction code/decode unit,
neighborhood comparison unit, LBP matching unit, mem-
ory decode/code unit, SRAM memory, and neighborhood
logic unit. The neighborhood comparison unit, image sen-
sor, and the LBP matching unit form the architecture of the
general dedicated LBP processing hardware. Therefore, they
are discussed in more detail in the later sections.

The neighborhood comparison unit performs the LBP
sampling with a radius of two using eight samples (four of
which are interpolated from their neighbors’ values). The
functionality and implementation of this unit are explained
later in this section. The matching unit performs compar-
ison of an LBP stored into the cell with a certain specific
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FIGURE 7: LBP processing cell for the adaptive matching algorithm.

globally selected 8-bit LBP. If an exact match is recorded,
the matching unit activates the current source specific to that
cell, which is routed to the block interface. The block denotes
a certain subset of LBP cells for which the weighting and A/D
conversion are applied later. The memory code/decode unit
performs coding of the LBP occurrence maps into a binary
weighted form. For example, the binary weighted represen-
tation for a maximum of 32 occurrence maps consists of 5
bits which are needed for the local memories to store the in-
put face. For each cell, the occurrence map indicates whether
a specific LBP occurs in that cell or not. This unit also de-
codes the occurrence maps from the 5-bit SRAM memory
into a total of 30 occurrence maps. The neighborhood logic
unit is used for the directional dilation operation for specific
directions. A 1-bit SRAM is included into the neighborhood
logic unit for storing one occurrence map of the other face
image under comparison. This occurrence map is read from
the on-chip memory interface, as the full LBP image stored
into the 5-bit SRAM (the input image) can be read using the
on-chip sensors.

7.2. Implementation of the neighborhood
comparison unit

Figure 8 shows the neighborhood comparison unit. The cur-
rent I_cell feeds the input current of the pixel. It could be
obtained, for example, from an in-cell image sensor or a D/A
converter. Transistors M 1-M6 are analog transistors and the
rest of the transistors shown are minimum-sized switches.
The neighborhood comparison unit has 12 connections to
neighbors on the circle of radius 2. The neighbors are cou-
pled so that when, for example, control signal N is active, the
unit receives input current from a cell two rows above and
conveys its current to the cell two rows below (see the in-
dexes in the figure). Notice that the current of transistor M4
is mirrored to transistors M5 and M6 at a ratio of 0.5. This
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FIGURE 8: Neighborhood comparison unit.

is because when processing directions NE, NW, SE, and SW
the cell should receive inputs from two different neighbors,
the currents of which are interpolated. An inverter serves as a
comparator and the comparison result is available at CM PR.

7.3. Implementation of the LBP matching unit

Figure 9 shows the proposed circuit for matching LBPs
within the pixels in order to generate the occurrence map
representation. The comparator output CMPR is fed to eight
SRAMs. All these are read out simultaneously and they pro-
vide either an inverted or noninverted output. After the
comparison circuit has written the LBP into the SRAMs,
the matching using the programmable multi-input NOR is
started. Notice that the SRAM and the NOR share eight con-
trol signals (N, NE, E, SE, S, SW, W, and NW) with the neigh-
borhood comparison unit. These control signals can be used
to program which pull-down paths of the NOR are possible.
The weak pull-up transistor is turned on with BIAS during
evaluation.

The matching is a two-phase process with the proposed
circuit. First, the SRAMs provide the NOR with the inverted
LBP. The control bits associated with LBP bits that are re-
quired to be HI are taken HI. In other words, only selected
pull-down paths are enabled. Now, if all inverted LBP bits
that are connected to activated pull-down paths in the NOR
are LO, the result is HI. This is written to an SRAM in the out-
put unit through an inverter. Second, the noninverted LBPs
are fed to the NOR, the control bits enable the pull-down
paths associated with those LBP bits that are required to be
LO and the result is fed to the lower NOR input in the output

unit. If the LBP matches the pattern under search, both in-
puts of the NOR in the output unit are zero and the gate
voltage of analog output transistor M_OUT is HI.

7.4. Optimizing the performance of the LBP cell

In order to get an idea of how large the transistors M1-M6
of the neighborhood comparison unit should be, simulations
were performed. The simulations were carried out with Eldo
level 53 parameters of a 0.13 um CMOS process. Ideally, the
standard deviation of the difference current would be zero.
Figure 10 shows the standard deviation of the difference cur-
rent divided by 2.5 yA (in percents) for two different combi-
nations of the sizes of the analog transistors. The upper curve
was simulated with the transistor M4 and the combination of
M5 and M6 sized to 0.75/6, while the PMOS transistors were
sized to 1/4 (sizes are in micrometers). The corresponding
transistor sizes for the lower curve were 1/8 and 1.5/6, re-
spectively. The standard deviations were determined from 50
Monte Carlo iterations. If the intensity of the pixel would be
represented with currents ranging from zero to 2.5 A, the
standard deviation would be around one percent with the
larger transistors (see Table 3).

8. LBP PROCESSING PERFORMANCE

Embedding the LBP sampling with the recognition system al-
lows a compact integrated solution for face recognition, with
either a CNN-UM or a dedicated massively parallel hard-
ware. The sampling of LBPs is relatively fast even without a
massively parallel hardware [7] and, in a practical view, the
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accuracy improvements in the occurrence map-based face
matching are more significant than the improvement in the
sampling phase, which however, could be taken as an advan-
tage in other applications.

8.1. Performance of the CNN-UM histogramming

Using the template analyzer [26] the estimated execution
time for each of the comparison templates is 2.007 and 2.887
for pattern matching templates (7 being the CNN time con-
stant). Excluding the memory delays and template program-

ming delays, the total time used by the threshold templates is
167 (assuming a sample number of eight). If all the 256 pat-
terns are to be extracted, the total time for pattern matching
operations will become 737.37 (2.88 * 2567) assuming that
all the blocks are processed in a single frame. However, it was
mentioned that it is possible to use a “do not care” condition
to reduce the amount of pattern matching operations when,
for example, only uniform and symmetrical patterns are used
which will further reduce this time.

If the input image is read directly from in-cell sensors,
early A/D conversion can be avoided. Assuming that there is
a total of 30 symmetrical uniform patterns corresponding to
bins and that the image is divided into blocks as proposed,
the total amount of successive A/D conversions will be 30 if
it is assumed that there is a peripheral A/D converter for each
block. The D/A conversion is implemented automatically by
summing of binary unit currents from the cells. The integra-
tion of the A/D converters will not cause problems since we
have shown that the accuracy requirements for the converters
are not severe (see Table 4). If the time for a single A/D con-
version is 0.5 us, the total time for conversion will be 15 ys.

By using 7 of 1 us, the total time for LBP sampling be-
comes 768.3 us (1302 faces/s). As a reference, for the same
images that we used in the simulations, the LBP feature
vector extraction time for one face image for AMD Athlon
1800 MHz was 3.49 ms (285 faces/s) with weighting (blocks
outside face are ignored) and 4.14 ms (240 faces/s) without
weighting [7].

8.2. Performance of the dedicated
mixed-mode algorithm

Using the read-out scheme proposed in [24], there will be a
need for executing D * M A/D conversions (in parallel for
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each block) at each comparison where D is the number of
occurrence maps and M is the number of search directions.
Let us assume the elapsed time for the parallel A/D conver-
sions being approximately 0.5 microseond. With a reference
image database of 100 images, this results the elapsed time of
12 ms for comparing a single input image with all the stored
reference images (assuming D of 30 and M of 8). The total
comparison time for one stored reference image would be
about 120 ys. This could be further improved by searching
the block specific optimal dilation direction only for certain
patterns and calculating the comparison result then for the
best direction estimate. In [27] it was demonstrated that with
the binary programmable CNN, the measured propagation
time (for dilation) was short, only 16.3 ns with 3.3 yA being
unit current and 0.7 V being operating voltage.

When estimating the overall performance of the system,
the external (off-chip) memory speed and bandwidth need
to be considered. We propose using 40 data pins from the
chip to interface with the memory. The on-chip memory in-
terface encodes this data to a total of 130 lines which are
routed to the cell array. The memory structure of the cell ar-
ray consists of row and column decoders, which are used to
select one row at a time from the 130 x 150 array for writ-
ing. If the external memory would operate with a 7 MHz off-
chip clock, the total bandwidth through the 40 pins becomes
280 Mbits/s. With a 100 image, database, this would result
0.035s (29 fps) elapsed when scanning through the whole
memory. For a single image the reading time from the off-
chip memory would become about 348 us. Since a cache is
used, the occurrence map matching can be performed si-
multaneously with the memory read operations. The on-
chip clock of 15MHz is enough for synchronizing the 130
lines routed to a certain array row through the column de-
coder. This would result an elapsed time of 0.03 s for pro-
cessing through the whole external memory of 100 faces. For
a single face the reading time from cache would be about
300 us. As a conclusion, the system could operate beyond
25 recognized faces per second with a 100 image reference
database. If the database was larger, say 1000 faces, it can be
estimated that the time used for recognizing a face would be
about 0.35s.

9. DISCUSSION

Power supply, clock generation, and user interface as well as
possible camera and camera interface are needed for the ded-
icated face recognition system to function. Integrating the
image sensors will reduce power consumption, since direct
A/D conversion is not needed in the imager. Furthermore,
the read-out of face matching results can be performed in
parallel with a dedicated hardware for each block with small
unit currents, which should be more efficient compared to,
for example, an FPGA implementation. Whether an FPGA,
a CNN-UM, or a dedicated hardware gives the best perfor-
mance depends on the targeted application and it depends on
the final application whether the improvement on the recog-
nition accuracy is worth implementing a special hardware, or
whether to use a general purpose computer hardware with

standard LBP histogramming. For applying the occurrence
map algorithm, a massively parallel hardware seems the only
practical alternative.

The occurrence map representation of LBPs with the ca-
pability for adaptive block search could also be benefited
in other applications beyond face recognition. In LBP-based
motion analysis [20], the occurrence maps would be an ele-
gant way to search, for example, motion specific to a certain
direction from the image scene.

In the following, we address two different scenarios
where the system could be used as such or with some external
hardware and software. First, controlling of people transpass-
ing through a security check. In this scenario the recognition
time for one face could be while waiting, say seconds, and
the database of stored faces would be larger, say 1000 images.
A separate face detection and normalization system would
not necessarily be required. In another scenario, an individ-
ual among a mass of people would be searched without nec-
essarily informing the individual of the surveillance. Then a
separate face detection and normalization system would be
needed.

10. CONCLUSIONS

This paper described a framework for implementing a mas-
sively parallel face recognition system. The system consists
of three parts, which are mixed-mode or CNN-UM-based
LBP sampling method, a massively parallel face recognition
algorithm, and a dedicated mixed-mode hardware for the
proposed algorithm. The LBP sampling process of CNN-UM
or a dedicated hardware utilizing current-mode operation
can be generalized also for other high-speed LBP applications
beyond the face recognition. An example of a potential appli-
cation where the sampling speed would be important is in-
dustrial paper quality inspection using computer vision and
local binary patterns [28].

The adaptive face matching algorithm could also be
implemented as an embedded FPGA implementation. The
implementation of the neighborhood logic unit, memory
code/decode unit, and instruction code/decode unit, which
has been so far considered only in the architectural level,
would then be relatively straightforward since digital logic
design could be used. Also, the mismatch would not cause
any significant decrease to the recognition accuracy if the
LBP sampling was performed digitally.

The dedicated massively parallel face recognition al-
gorithm was shown to perform accurate face recognition,
with a maximum increase in the recognition accuracy with
weighting of 4% compared to [7] and 3% compared to
[23]. The improvement in the recognition accuracy with-
out weighting was as much as 14.0% compared to [7].
Furthermore, the face recognition algorithm is adaptively
tolerant to slight changes in face orientation and scaling.

ACKNOWLEDGMENT

This work was funded by the Academy of Finland Projects
no. 205746 and no. 106451.



Olli Lahdenoja et al.

13

REFERENCES

(1]
(2]

(3]

(7]

M. Turk and A. Pentland, “Eigenfaces for recognition,” Journal
of Cognitive Neuroscience, vol. 3, no. 1, pp. 71-86, 1991.

A. M. Martinez and A. C. Kak, “PCA versus LDA,” IEEE Trans-
actions on Pattern Analysis and Machine Intelligence, vol. 23,
no. 2, pp. 228-233, 2001.

J. Yang, D. Zhang, A. F. Frangi, and J.-Y. Yang, “Two-
dimensional PCA: a new approach to appearance-based face
representation and recognition,” IEEE Transactions on Pattern
Analysis and Machine Intelligence, vol. 26, no. 1, pp. 131-137,
2004.

C. J. C. Burges, “A tutorial on support vector machines for
pattern recognition,” Data Mining and Knowledge Discovery,
vol. 2, no. 2, pp. 121-167, 1998.

L. Wiskott, J.-M. Fellous, N. Kriiger, and C. D. von Mals-
burg, “Face recognition by elastic bunch graph matching,”
IEEE Transactions on Pattern Analysis and Machine Intelligence,
vol. 19, no. 7, pp. 775-779, 1997.

J. Ruiz-del-Solar and P. Navarrete, “Eigenspace-based face
recognition: a comparative study of different approaches,”
IEEE Transactions on Systems, Man and Cybernetics Part C: Ap-
plications and Reviews, vol. 35, no. 3, pp. 315-325, 2005.

T. Ahonen, A. Hadid, and M. Pietikdinen, “Face recognition
with local binary patterns,” in Proceedings of 8th European
Conference on Computer Vision (ECCV °04), vol. 3021 of Lec-
ture Notes in Computer Science, pp. 469-481, Prague, Czech
Republic, May 2004.

D. S. Bolme, J. R. Beveridge, M. Teixeira, and B. A. Draper,
“The CSU face identification evaluation system: its purpose,
features, and structure,” in Proceedings of 3rd International
Conference on Computer Vision Systems (ICVS ’03), pp. 304—
313, Graz, Austria, April 2003.

P. J. Phillips, H. Wechsler, J. Huang, and P. ]. Rauss,
“The FERET database and evaluation procedure for face-
recognition algorithms,” Image and Vision Computing, vol. 16,
no. 5, pp. 295-306, 1998.

L. O. Chua and L. Yang, “Cellular neural networks: theory,”
IEEE Transactions on Circuits and Systems, vol. 35, no. 10, pp.
1257-1272, 1988.

T. Roska and L. O. Chua, “The CNN universal machine: an
analogic array computer,” IEEE Transactions on Circuits and
Systems II: Analog and Digital Signal Processing, vol. 40, no. 3,
pp. 163-173, 1993.

G. L. Cembrano, A. Rodriguez-Vazquez, R. C. Galan, F
Jiménez-Garrido, S. Espejo, and R. Dominguez-Castro, “A
1000 FPS at 128 x 128 vision processor with 8-bit digitized
1/O,” IEEE Journal of Solid-State Circuits, vol. 39, no. 7, pp.
1044-1055, 2004.

A. Paasio, A. Kananen, K. Halonen, and V. Porra, “A QCIF res-
olution binary I/O CNN-UM chip,” Journal of VLSI Signal Pro-
cessing Systems for Signal, Image, and Video Technology, vol. 23,
no. 2, pp. 281-290, 1999.

O. Lahdenoja, M. Laiho, and A. Paasio, “Local binary pattern
feature vector extraction with CNN,” in Proceedings of the 9th
IEEE International Workshop on Cellular Neural Networks and
Their Applications (CNNA ’05), pp. 202205, Hsinchu, Taw-
ian, May 2005.

O. Lahdenoja, J. Maunu, M. Laiho, and A. Paasio, “A massively
parallel algorithm for local binary pattern based face recogni-
tion,” in Proceedings of IEEE International Symposium on Cir-
cuits and Systems (ISCAS 06), p. 4, Kos, Greece, May 2006.
M. Laiho, O. Lahdenoja, and A. Paasio, “Dedicated hardware
for parallel extraction of local binary pattern feature vectors,”

(17]

(18]

(23]

(28]

in Proceedings of the 9th IEEE International Workshop on Cel-
lular Neural Networks and Their Applications (CNNA ’05), pp.
27-30, Hsinchu, Tawian, May 2005.

T. Ojala, M. Pietikiinen, and D. Harwood, “A comparative
study of texture measures with classification based on feature
distributions,” Pattern Recognition, vol. 29, no. 1, pp. 51-59,
1996.

T. Mienpai, “The local binary pattern approach to texture
analysis—extensions and applications,” Dissertation, Univer-
sity of Oulu, Oulu, Finland, 2003.

T. Ojala, M. Pietikdinen, and T. Mienpid, “Multiresolution
gray-scale and rotation invariant texture classification with lo-
cal binary patterns,” IEEE Transactions on Pattern Analysis and
Machine Intelligence, vol. 24, no. 7, pp. 971-987, 2002.

M. Heikkili and M. Pietikdinen, “A texture-based method
for modeling the background and detecting moving objects,”
IEEE Transactions on Pattern Analysis and Machine Intelligence,
vol. 28, no. 4, pp. 657-662, 2006.

A. Hadid, M. Pietikdinen, and T. Ahonen, “A discriminative
feature space for detecting and recognizing faces,” in Proceed-
ings of the IEEE Computer Society Conference on Computer Vi-
sion and Pattern Recognition (CVPR °04), vol. 2, pp. 797-804,
Washington, DC, USA, June-July 2004.

T. Méenpid, T. Ojala, M. Pietikdinen, and M. Soriano, “Ro-
bust texture classification by subsets of local binary patterns,”
in Proceedings of 15th International Conference on Pattern
Recognition (ICPR 00), vol. 3, pp. 935-938, Barcelona, Spain,
September 2000.

O. Lahdenoja, M. Laiho, and A. Paasio, “Reducing the feature
vector length in local binary pattern based face recognition,” in
Proceedings of IEEE International Conference on Image Process-
ing (ICIP °05), vol. 2, pp. 914-917, Genova, Italy, September
2005.

P. Dudek, “A flexible global readout architecture for an ana-
logue SIMD vision chip,” in Proceedings of IEEE International
Symposium on Circuits and Systems (ISCAS 03), vol. 3, pp.
782-785, Bangkok, Thailand, May 2003.

CNN Software Library, Ver. 1.1, Chapter 3, http://lab.analogic.
sztaki.hu.

CNN Template Analysator, TemlInfo, http://lab.analogic.szt-
aki.hu.

J. Flak, M. Laiho, A. Paasio, and K. Halonen, “VLSI implemen-
tation of a binary CNN: first measurement result,” in Proceed-
ings of the 8th IEEE International Workshop on Cellular Neu-
ral Networks and Their Applications (CNNA °04), p. 129, Bu-
dapest, Hungary, July 2004.

M. Turtinen, M. Pietikdinen, and O. Silvén, “Visual characteri-
zation of paper using isomap and local binary patterns,” IEICE
Transactions on Information and Systems, vol. E89-D, no. 7, pp.
2076-2083, 2006.






ARTICLE 5

O. Lahdenoja, M. Laiho, A. Paasio, On the spatial distribution of
local non-parametric facial shape descriptors, 16th Scandinavian
Conference on Image Analysis, pp. 351-358, 2009.

© 2009 Springer. Reprinted with kind permission from Springer
Science and Business Media.






ARTICLE 6

O. Lahdenoja, M. Laiho, Regional i1mage correspondence
matching method for SIMD processing, 19th European
Conference on Circuit Theory and Design, pp. 802-805, 2009.

© 2009 IEEE, Reprinted with permission.






ARTICLE 7

O. Lahdenoja, J. Poikonen, M. Latho, Extracting Local Binary
Patterns with MIPA4k vision processor, 12th International
Workshop on Cellular Nanoscale Networks and Their
Applications, 2010.

© 2010 IEEE, Reprinted with permission.






ARTICLE 8

O. Lahdenoja, J. Poikonen, M. Laiho, Towards Understanding the
Formation of Uniform Local Binary Patterns, ISRN Machine
Vision, Article ID 429347, 2013.

© 2013 Olli Lahdenoja et. al.






Hindawi Publishing Corporation

ISRN Machine Vision

Volume 2013, Article ID 429347, 20 pages
http://dx.doi.org/10.1155/2013/429347

Research Article

Hindawi

Towards Understanding the Formation of Uniform Local

Binary Patterns

Olli Lahdenoja, Jonne Poikonen, and Mika Laiho

Business and Innovation Development BID Technology, University of Turku, 20014 Turku, Finland

Correspondence should be addressed to Olli Lahdenoja; olanla@utu.fi

Received 29 May 2013; Accepted 30 June 2013

Academic Editors: O. Ghita and N. A. Schmid

Copyright © 2013 Olli Lahdenoja et al. This is an open access article distributed under the Creative Commons Attribution License,
which permits unrestricted use, distribution, and reproduction in any medium, provided the original work is properly cited.

The research reported in this paper focuses on the modeling of Local Binary Patterns (LBPs) and presents an a priori model where
LBPs are considered as combinations of permutations. The aim is to increase the understanding of the mechanisms related to the
formation of uniform LBPs. Uniform patterns are known to exhibit high discriminative capability; however, so far the reasons for
this have not been fully explored. We report an observation that although the overall a priori probability of uniform LBPs is high,
it is mostly due to the high probability of only certain classes of patterns, while the a priori probability of other patterns is very
low. In order to examine this behavior, the relationship between the runs up and down test for randomness of permutations and
the uniform LBPs was studied. Quantitative experiments were then carried out to show that the relative effect of uniform patterns
to the LBP histogram is strengthened with deterministic data, in comparison with the i.i.d. model. This was verified by using an
a priori model as well as through experiments with natural image data. It was further illustrated that specific uniform LBP codes
can also provide responses to salient shapes, that is, to monotonically changing intensity functions and edges within the image

microstructure.

1. Introduction

The Local Binary Pattern (LBP) methodology [1] was first
proposed as a texture descriptor, but it has later been applied
to various other fields of computer vision: for example, face
recognition, facial expression recognition, modeling motion
and actions, as well as medical image analysis. Numerous
modifications and improvements have been suggested to the
original LBP methodology for various applications, while the
LBPs have also been proposed for signal processing tasks
beyond image processing (e.g., [2]). A detailed list of various
applications and papers related to the LBP methodology is
available in CMV Oulu pages [3].

Before the introduction of Local Binary Patterns, co-
occurrence statistics descriptors based on binary features and
n-tuples [4], as well as the texture unit and texture spectrum
(TUTS) method [5], have been studied. N-tuples have been
studied in, for example, [4, 6] for texture retrieval. It was
discovered that the distribution of individual n-tuples could
not reach the classification accuracy of quantized binary
features such as BTCS [4].

The possibility of using only uniform and rotation invari-
ant binary patterns distinguishes the Local Binary Pattern
methodology from its predecessors, because it enables a more
compact image representation. It has been widely accepted
that uniform LBPs, which contain at most two circular 0-1
or 1-0 transitions, are highly applicable and thus have been
frequently used in various applications—not only in texture
analysis. While many modifications to the original LBP have
been proposed, most image analysis applications still take
advantage of a combination of LBP and uniform patterns,
despite other modifications in sampling, such as applying
Gabor filtering as a preprocessing step [7]. However, it
has been unclear how these particular uniform patterns
contribute to increasing the discriminative capabilities of the
LBPs. It was shown in [8] that uniform patterns are a priori
very frequent even with random data. The observations from
the existing research raise naturally the question “Why are
uniform patterns so discriminative?”. It was also shown in [8]
that the percentage of uniform patterns further increases with
natural image data compared to a priori model. In this paper,



some of the mechanisms related to this increase in occurrence
probability will be addressed.

LBPs are represented in this paper as compositions of
individual n-tuples, that is, permutations. We denote the set
of all possible permutations as the “permutation space” The
permutation model represents a middle ground in terms of
the complexity between the image intensity representation
and the binary pattern feature representation. The total
number of permutations in the permutation space is smaller
than the number of instances in the intensity space but
higher than the amount of instances in the binary pattern
space. The permutation based approach is applied here
both through an a priori model and through experiments
with natural images to examine the particularly discrimi-
native quality of uniform LBPs. The aim of this study is
also to better understand the relationship between uniform
LBPs and the properties of deterministic nonrandom image
data.

This paper is composed of eight sections. Section 2 con-
tains an introduction to LBP methodology as well as back-
ground and related work. Section 3 defines the permutation
space used and a priori probability model for the uniform pat-
terns. In Section 4, a modification to the original permutation
space is defined for modeling purposes, while in Section 5
the previously defined concepts are used to analyze the
uniformity of Local Binary Patterns. In Section 6 qualitative
and quantitative experiments with a priori model and natural
image data are performed. Sections 7 and 8 provide further
discussion and conclusions.

2. Background and Related Work

2.1. Derivation of Local Binary Patterns. A Local Binary
Pattern is derived for a specific pixel neighborhood radius
r by comparing the intensities of M discrete circular sample
points to the intensity of the center pixel (clockwise or coun-
terclockwise), starting from a certain angle. The comparison
determines whether the corresponding location in the Local
Binary Pattern of length M is 1 or 0. A value 1 is assigned
if the center pixel intensity is smaller than the sample pixel
intensity and 0 otherwise. Sample number M = 8 is the
most commonly used, with circle radius r = 1; however,
also other values for the radius and sample numbers can be
used. If a sample point is located between pixels, the intensity
value used for the comparison can be determined by bilinear
interpolation (see Figure 1). Using this sampling procedure,
sweeping over the whole image is denoted by LBP(M,r)
[9,10].

After the LBP extraction, each pixel in an image is
replaced by a binary pattern, except at the borders of the
image where all of the neighbour values do not exist. The
feature vector of an image then consists of a histogram of the
pixel LBPs. The initial length of the histogram is 2 since each
possible LBP is assigned a separate bin. If there are N regions
in an image (e.g., a normalized face image could be divided
into 7 x 7 blocks for enhancing the spatial accuracy of the
histograms [9]), the histograms can be combined into a single
histogram with a length of N - 2.
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FIGURE 1: Derivation of Local Binary Patterns.

2.2. Uniform LBPs. Uniform Local Binary Patterns are pat-
terns with at most two circular 0-1 and 1-0 transitions. For
example, patterns 00111000, 11111111, 00000000, and 11011111
are uniform, and patterns 01010000, 01001110, or 10101100
are not uniform. Selecting only uniform patterns contributes
to both reducing the length of the feature vector (LBP
histogram) and improving the performance of classifiers
using the LBP features (see [1, 9-11]). Uniform LBPs can also
be applied to obtain rotation invariance [10]. In [12-14] global
rotation invariance for the LBPs was achieved by applying a
Discrete Fourier Transform to the uniform bins of the LBP
histograms. In [13], the rotation invariance of LBP variants
was also analyzed.

There are several methods for performing LBP histo-
gram comparison. These include histogram intersection, log-
likelihood statistics, and Chi-square statistics [9]. It is also
possible to use multiple LBPs simultaneously, also with
different radiuses, to describe a certain image location. The
natural disadvantage of this is the further increase in the
length of the feature vector.

2.3. Related Research. The use of uniform Local Binary Pat-
terns was proposed in [15] as a way to reduce the high dimen-
sion of the original LBP feature vector. The use of uniform
patterns can be seen as a filter type feature selection method
[16], since it is related directly to the image data. Also, a beam
search method was proposed in [15] using feedback from a
classifier (for texture images), extending to a wrapper type fea-
ture selection [16]. Later, numerous other filter and wrapper
type methods have been proposed for LBP feature selection,
including Fisher separation criterion (FSC) based learning,
Boosting (AdaBoost), LDA, and PCA; see [1] for a complete
description. Face recognition has typically been used as a
benchmark application. In [11] a machine learning approach
was chosen to study which individual LBP bins were
most discriminative in facial expression recognition. A boost-
ing classifier was used, and 91.9% of the most discriminative
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patterns turned out to be uniform. However, it has been
unclear how these particular uniform patterns contribute
to increasing the discriminative capabilities of the LBP
methodology.

In this paper, the space of all n! possible n-tuples is con-
structed, and its relation to individual uniform and nonuni-
form LBP codes and to the class of all uniform LBP codes is
modeled. Hence, we propose forming the LBPs as a result of
an intermediate nonlinear rank ordering operation in order
to facilitate the understanding of the Local Binary Patterns.
Rank ordering and the census transform were introduced in
[17] as nonparametric descriptors. Since then, many variants
of descriptors based on ordinal intensity representation have
been proposed. Recently, the local intensity order pattern
(LIOP) descriptor showed excellent performance [18] in
keypoint matching. It was further developed in [19]. In LIOP
the numbers of occurrences of n-tuples among local patches
are selected as histogram bins in a rotation invariant manner.
The methods proposed in this paper can also support the
design of new descriptors and promote understanding of the
existing descriptors based on n-tuple processing, for example,
(18, 19].

LBPs have also been described as vector quantized
responses to linear filters [20]. This allows the analysis of
the properties of the LBP operator and the modeling of its
relationship to other filter bank based descriptors. The focus
of this paper is also to provide an alternative approach to the
filter bank based LBP decomposition [20] and to suggest an
alternative approach to the previous work in [8] for analyzing
the formation of uniform patterns.

In [8] the a priori distribution of uniform LBPs was stud-
ied, and it was observed that their a priori probability is rather
high also with independent identically distributed (i.i.d) data.
This indicates that these patterns do not necessarily relate
only to image structures such as small edges, corners, and
line-ends, as was previously thought, but also to the LBP
sampling process itself. The percentage of uniform patterns
has been also shown to further increase from the estimated a
priori probability [8] in applications using natural image data.
The exact distribution of LBPs was studied by calculating
the volume of multidimensional polytopes in [8]. It has also
been shown that the minimum between the total number of
zeros and ones in a LBP can be used to uniquely characterize
the occurrence probability of the LBPs with i.i.d. data [21].
However, in [21] the a priori probabilities were not linked
to the occurrence frequencies of uniform patterns. In both
studies [8, 21], a link between information theory and a priori
occurrence probabilities of the LBPs was speculated.

In [8] the LBPs were modeled using a space partitioning
approach, where the pixel intensities (see Definition 1) were
mapped into LBP binary pattern space. In practice this means
that, for example, for the LBP(8, 1) operator the dimension
of the intensity space is 256°, for 8-bit pixels, and a certain
location of an image (consisting of a set of intensities) would
represent an individual point in this space. This particular
intensity set could then be further mapped into the LBP
space.

Definition 1. The intensity space I used in derivation of Local
Binary Patterns consists of sets of instances in space {I;, I,
L, ..., I} ordered circularly around the center in addition
to the center point {I_.}. Its dimension is I (M+1)

rances Where Iy ange
represents the range of the intensities.

The a priori probabilities of LBPs in the case of continu-
ously distributed i.i.d variables (as intensities) were consid-
ered already in [21]. The a priori probability of individual
LBPs (for ii.d data distribution without interpolation) is
completely determined by its descriptor k (see Definition 2)
according to (1), following the binomial distribution [8, 21].

Definition 2. The descriptor k [8, 21, 22] for a Local Binary
Pattern is calculated as the minimum between the cardinali-
ties of the sets consisting of 1 bits and 0 bits.

For example, the descriptor k for pattern 00110011 is four,
for pattern 00000000 zero, and for pattern 01010100 three.

Theorem 3. The probability of an LBP with M contour samples
(M > 3) to occur with continuously distributed i.i.d. data [8,
21], without considering interpolation, given descriptor k is

k! (M - k)!

Prsp (M. F0) = M+ 1)

@

3. Constructing the Permutation Space

3.1. Definition of the Permutation Space. We propose adding
a “mid-space” between the intensity space and the LBP
space, the permutation space illustrated in Figure 2. The
concepts of root permutations and child LBPs in Figure 2
will be explained in the later sections. This provides an
alternative approach to [8] in modeling the uniform patterns
and allows modeling some of the fundamental differences
between n-tuple and LBP based approaches for low level
image representation [1, 18, 19]. An LBP is here modeled
to consist of multiple instances of unit permutations located
among the permutation space. The a priori probability of each
unit permutation is equal with i.i.d. data, which is readily well
known within nonparametric statistics [23].

Definition 4. Let the intensity space I be defined as sets
consisting of intensities {I;, I,, I, ..., I;;} around the center
in addition to the center point {I.} within a local LBP
neighborhood. A unit permutation is defined as an individual
permutation {R;, R,, R;,..., Ry} around the center in addi-
tion to the center point rank {R.} formed by rank ordering
the intensity samples I,, as R, so that the smallest intensity is
assigned a rank of 1. In the case of tied intensities, the ranks
of the tied intensities are taken from an i.i.d distribution. The
length of the unit permutation is then (M + 1), where the
number of contour samples in the corresponding LBP is equal
to M.

The permutation space P contains all possible unit per-
mutations for the circular neighborhood. It can be derived
from the intensity space so that the number of instances is
reduced (since, in practice M <« Ipange)- The number of
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instances in the permutation space is (M + 1)!. The binary
pattern space b consists of instances of sets composed of
bits {by, by, by, ... by} excluding the center, for M being the
number of contour samples among the LBP, respectively.
The dimension of the binary pattern space is 2. The
binary pattern space b can be produced directly from the
high-dimensional intensity space as in [8]. It can also be
derived indirectly through the permutation space consisting
of reduced number of instances. Each individual LBP can
also be projected back to the permutation space from the
binary pattern space into a collection of unit permutations
(see Figure 2).

In this paper, when considering the a priori probabilities,
interpolation is not used. However, its effect to the final LBP
distribution is evaluated in the experimental section using
natural image data. Interpolation in the context of studying
the uniform patterns has been considered more in depth in
[8]. In general, the number of uniform patterns has shown
to grow with interpolation [8], due to increased dependency
and correlation between the neighboring sample points as
they are averaged using bilinear weighting from their four
neighbors.

3.2. Local Binary Pattern Operator for Permutations and
Reverse Mapping. The mapping operator ¢;,p between the
intensity space and the LBP space and between the permuta-
tion space and the LBP space is defined in the following. The
mapping operator ¢y,p can be used for both permutation
space and intensity space to derive an LBP. In the case of the
permutation space, instead of intensities, the magnitudes of
the ranks are considered. The mapping from an instance of
the LBP space (a particular LBP code) into the permutation
space (¢;,p) is defined indirectly as forming the set of all unit
permutations which result in this particular LBP according to
the ¢4p Operator.

Definition 5. (a) The LBP mapping operator ¢,,p is defined
between the instances of spaces I, = b,, or P, = b,
as 1 for instances which have a magnitude greater or equal
than the center and 0 for instances which have magnitude
smaller than the center. In the case of mapping P, =
b, and ties between the center intensity {I.} and contour
intensities I, the rank of the center {R.} is assigned the
minimum within the combined set of the tied ranks {R, R,,}.
This preserves the uniformity of the LBP also when the
intermediate permutation space is used. The resulting LBP
code is a concatenation {b,b,,b;,...by} of the individual
bits.

(b) A mapping from intensity space to binary pattern
space is defined by applying the LBP mapping operator ¢y p
for intensity set I, resulting in binary pattern b,,.

(¢) A mapping from an instance of intensity space I, to an
instance of permutation space P, is defined as R(I,,), where
an operator R extracts the rank ordering of intensity samples
among the intensity set I, so that the smallest element will be
assigned to value L.

(d) A mapping from the permutation space into the
binary pattern space is defined by applying the LBP mapping
operator ¢yap to the set of ranks P, resulting in a binary
pattern b, among the binary pattern space.

(e) A reverse mapping ¢y ,p from an instance of binary
pattern space b, into permutation space P, is defined indi-
rectly as forming all the P,, elements according to the criteria
¢rap results in a match (from all elements of P, = b,)).

As an example, consider an arbitrary Local Binary Pat-
tern, for example, M = 8 pattern 00110011. It is a result of
applying the ¢,;,p Operator to a unit permutation, where the
rank of the center pixel (ordinal value) is always 5 (rank of
smallest being 1). An example of a permutation which could
produce this particular LBP could be {5} for center pixel and
{1,2,9,8,3,4, 6,7} for the other pixels.
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This is not the only possible unit permutation for this
particular LBP. The degree of freedom related to the unit
permutations for a given LBP is determined by the following
elements: the rank of the center pixel, the number of bits
above the center pixel, that is, number of 1s in LBP code,
and number of bits below the center, that is, number of 0’s.
The a priori probability of occurrence for an individual unit
permutation is then constant 1/(M+1)!, with i.i.d. data, where
M + 1 is the length of the unit permutation and M is the
number of contour samples in an LBP. Hence, the intensity
space is divided into larger fractions of equal unit probability,
still allowing the derivation of Local Binary Patterns.

In the case of LBP 00110011, the number of unit permu-
tations invoked by the restriction “four locations above the
center” is 4!, and the number of unit permutations invoked
by the restriction “four locations below the center” is also
4!, As a consequence, the total occurrence probability of the
LBP under consideration becomes 4! = 4!/[(8 + 1)!], from
which 1/[8+1]! is assigned for each of the unit permutations.
As another example, consider the LBP with M = 5, 01000,
containing, for example, the unit permutation {5} center
(since four zeros are below it), {1, 6,2, 3,4} contour, which
results in a total cumulative probability of 1! « 4!/[(5 + 1)!]
for all the unit permutations.

3.3. Modeling a Priori Distribution of Uniform Patterns Only
with iid. Data. Next we consider the total occurrence
probability of all uniform patterns with i.i.d. data with respect
to all LBPs. The number of uniform patterns with respect
to descriptor k is described completely in (2) and (3) with
respect to M and descriptor k. For (2) (even M) k varies
between 0 and M /2, and for (3) (odd M) k varies between
Oand (M - 1)/2.

2 k=0,
2«M 0<k<M/2, (2
M k=M

#uniform, even M =

2 kIO)
#uniform, odd M =
uniform, odd {Z*M 0<k<=(M-1)/2. (3)

For example, consider an arbitrary LBP with M = 4.
The case of k = 0 consists of uniform patterns 0000 and
1111. When k = 1, the uniform patterns are 0001, 0010, 0100,
1000, and the inversions of these patterns. In these cases all
patterns are uniform. Descriptor value k = 2 (i.e. M/2) leads
to the uniform patterns of 1100, 0110, 0011, and 1001. The
other nonuniform patterns for the highest possible k value
for M = 4 are 0101 and 1010.

With LBPs having M > 4 the total occurrence probability
of the set of all uniform patterns, for i.i.d. data distribution
and even M is,

2 2M M/2-1
PA (M) = kI (M - k)!
w2 (M) M+1) " (M+1)! k; ( )
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FIGURE 3: The total a priori probability of all uniform patterns with
LBP sample number M according to (4) (for odd M the summation
in (4) was adjusted according to (3)).

The first term of (4) includes the a priori probability of all-
zero and all-one uniform LBPs, the second term is the sum of
probabilities of patterns where k varies between 1 and M /2—1
for even M, and the third term includes the highest descriptor
k uniform patterns.

According to the permutation concept proposed here,
the number of all unit permutations for uniform patterns
becomes then (M + 1)! = Pﬁzn, while the total number of
all permutations for modeling LBPs with sample number M
becomes (M +1)!. In Figure 3 the total occurrence probability
of uniform patterns is plotted with respect to the LBP sample
number M using the (4) (for odd M the summation in (4)
was adjusted according to (3)).

4. Modified Permutation Space

To analyze the formation of LBPs and uniform patterns in
particular, we propose a modification to the permutation
space by removing the center rank of a unit permutation. This
requires the definitions of an intermediate unit permutation,
a root permutation, and an intermediate root permutation.

A certain LBP can be composed of multiple unit permu-
tations, but if an instance of the intensity space set is mapped
to the LBP binary pattern space, a single unique intermediate
unit permutation can be assigned to the permutation space
and it can be uniquely used for determining the resulting LBP
(neglecting ties).

Definition 6. An intermediate unit permutation is defined as
a unit permutation I, = P, = b, as the permutation P,. The
directions of the arrows describe the order in which the rank
ordering (R) and mapping (¢;.p) are performed.
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FIGURE 4: An example of forming the LBP M = 5 complete uniform root permutations.
TaBLE 1: Root permutations. Definition 7. A root permutation is a unit permutation pro-
duced by removing the rank of the center. The rank of the cen-
Case (A) (B) ©) ter pixel is first removed from the unit permutation, and the
Permutations rank ordering (R(P,)) is applied again for the magnitudes
Center 9 4 9 of the remaining ranks. An intermediate root permutation
3,8,2,54,7 586912 23,4,5,6,7, refers simply to an n-tuple formed by rank ordering the LBP
Contour L6 3,7 8,1 contour sample intensities (without considering the center).
Root permutations The total lengt.h of the root permutation or .the intermediate
3.8.2.5.47 475812 2.3.4.56.7 root permutation is then Card(P,) — 1, that is, equal to M.
Contour L6 36 31
hild ) ’ ’ ’ Two different LBPs or unit permutations can produce the
Child LBPs (Bias) same root permutation. For example, LBPs with M = 4, 0000
0.5 11111 111111 111111 and 1111 could be composed of instances of permutations {5}
L5 11111101 11110111 11111110 center, {1, 2, 3, 4} contour, and 1 center, {2, 3, 4, 5} contour,
2.5 11011101 11110011 01111110 respectively, the root permutation for both being {1, 2, 3,
35 01011101 11110001 00111110 4}. inen an arbitra}ry LBP, on.1y if the full intensityl set or
is 01010101 01110001 00011110 the 1nterrped1ate unit permutation is known, a certain root
permutation can be used to describe that particular LBP.
= 01000101 01010001 00001110 However, it will not be unique, since the information from
6.5 01000100 01010000 00000110 the center intensity value or rank is missing.
7.5 01000000 00010000 00000010 Given a root permutation or an intermediate root per-
8.5 00000000 00000000 00000000 mutation, multiple child LBPs can be generated if a new
Total uniform 4 6 9 center pixel (called bias) is assigned. A root permutation

Depending on the context, a root permutation may be
derived from an intermediate unit permutation, which is
simply extracted by rank ordering the intensity set without
the center, or in more abstract case it may refer to a normal
unit permutation from which the rank of the center pixel is
removed (see Definition 7 and Table 1).

is allowed to generate child LBPs by setting up a new bias
level (instead of the center pixel). In practice, any bias value
between or above the magnitudes of the ranks could be
used, but for clarity we use threshold values in the middle
of the integer ranks (0.5, 1.5, 2.5, 3.5, etc.). In Table 1, three
root permutations are shown, and the child LBPs which can
be generated by these root permutations are described by
changing the center bias. One of the child LBPs will always
represent the original LBP.
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Definition 8. A child LBP is an LBP generated from the root
permutation or from the intermediate root permutation by
comparing successively the bias level to the magnitude of
the root permutation ranks (one by one) and assigning bit 1
if the magnitude of the bias level is below the magnitude of
the rank permutation and 0 otherwise (in the corresponding
location). That is, the LBP mapping operator ¢y, p is applied
to the root permutation by using the set bias as a center.

In Section 6, when performing the experiments, we will
use an approach where all possible M! root permutations
(corresponding to contour samples of the LBPs) are pre-
generated and the bias is then adjusted to each of its M + 1
possible locations for each root permutation.

4.1. Monotonicity of the Root Permutation. Consider fully
ordered (with respect to some circular shift) root permu-
tations of length M containing only one long increasing
or decreasing run, in addition to the transitions from the
smallest to the largest or from largest to the smallest. We
describe next that for these root permutations, all of the
child LBPs (generated by changing the center pixel bias) are
uniform (See Table 1).

For the lowest and the highest bias value, the resulting
child LBPs derived from the root permutation are all uniform
since they consist of only all-zero and all-one LBPs. For the
second lowest bias and the second highest bias, the resulting
patterns are uniform since they include only one instance of
one or zero (the descriptor k being one). The remaining bias
values (between 2.5 to M — 1.5) for M > 4 are considered
next.

The first observation is that each fully ordered permu-
tation can be circularly shifted left or right H times in
order to make it a monotonically increasing (or decreasing)
permutation starting with the lowest (highest) element. It can
also be shifted back so that the generated child LBP is not
altered. Let us focus only on the length M (longest) up (or
down) run while also omitting the circularity. Let {B} be the
set of the root permutation instances below the bias value and
{A} the set of the root permutation instances above the bias
value. It is evident that for the set {B}, if the ordering of the
permutations is monotonically increasing, then they are fully
ordered in increasing order also in {A}. The same applies for
the decreasing permutations.

When changing the bias by one (increasing or decreas-
ing), the instance where the bit transition occurs, generated
by the bias, also shifts by one to the right or to the left.
While acknowledging the initial conditions which hold for
descriptor k values 0 and 1 (as described before), it is evident
that only one bit right next to the transition point can
change and it will change to the direction which preserves
the uniformity. See, for example, Table 1 Case C. The ordered
root permutations are likely to be common with natural
image data as pointed out in [4]. Also, statistically their
likeliness to occur with random data should be lower than
with deterministic data, which will be considered in the next
section.

5. On the Relation between Runs Test for
Permutations and Uniform Patterns

The simplest tests of randomness for two-valued data (e.g.,
coin-toss data) are based on estimating the total number of
instances of each value or to count the number of successive
instances of each [23]. For example, the sequence (T T T T
T T T T) is not likely to be generated randomly, while the
sequence (T FTTF F T T) would be more likely to result
from a random process. If there are too many or too few
instances of each value, the generating process is not likely
to be random (i.i.d.).

The runs up and down test can be applied for numeric
data, such as intensities or ranks, to examine the number
of monotonically increasing (decreasing) sequences (runs).
According to the runs test, monotonicity is the strongest
indication of nonrandomness. If the length of the runs is
high (few runs within the data), the data is not likely to
be generated by a random process. In other words, the
hypothesis of randomness is rejected.

Given aroot permutation, if the changes from the smallest
towards the largest element, or vice versa, occur always
next to the set of elements which have previously been
changed, all of the child LBPs will be uniform. We denote
these root permutations as complete uniform root permu-
tations (see Tablel case C as an example). Fully ordered
root permutations described in the previous section form a
subset of complete uniform root permutations. For instance,
permutations {6, 4, 1, 2, 3, 5}, {1, 2, 3, 4}, and {1, 2, 3, 4,
8,7, 6,5} are complete uniform root permutations (see also
Figure 4).

Definition 9. Complete uniform root permutations are root
permutations for which all of the child LBPs are uniform.
The number of complete uniform root permutations is given
by M = 2M=2 (M > 3), where M is the number of contour
samples in LBP and the length of a root permutation.

The total number of complete uniform root permutations
can be examined through the following example: consider
the bias changing from its lowest level towards the highest
(Figure 4). For the lowest level, only one uniform LBP can
be found (of all ones, e.g., 11111 in the case of M = 5).
For the second lowest bias level, all the child LBPs are also
uniform, since only one bit is changed in comparison with
the previous bias, and the other bits are 1s. For the following
bias levels, uniform patterns will be generated if and only if
the successive change among the child LBPs is always next to
previous changed bits (either circularly to the left or to the
right). For example, for an LBP of 11000111 (indexes 1, .. ., 8)
the next change to zero could occur only on index location 2
(to the left) or location 6 (to the right) in a circular manner.

The changing bit will also indicate the successive value
of the root permutation formed among the path of the
permutation tree (see Figure 4). The number of leaf nodes for
this tree is then equal to the total number of complete uniform
root permutations, which is M = oM-2 (M > 3). It consists
of M patterns for the second lowest bias and for each of these
patterns, a perfect binary tree of height M — 2.



Definition 10. Runs up and down test result for the root
permutations is defined as the total number of successive
increasing or decreasing circular runs within a certain root
permutation.

It was observed that all of the complete uniform root
permutations with M < 10 matched to category two patterns
(n-tuples) according to the circular runs test. However, in
this paper the proof of the equivalence of the runs level
2 patterns and the complete uniform root permutations is
omitted for M > 10. We emphasize that the number of runs
according to the runs up and down test for permutations
is not the same as the uniformity level of the pattern. The
runs test for permutations is a more flexible and general test
of randomness, and it can only be applied if the rank order
statistics of the successive samples in a pattern are known,
since a fixed threshold (bias) is not used as in LBP. The
derivation of the rank order statistics is not necessary for
extracting the LBPs, since the thresholding according to the
center pixel’s intensity value determines the pattern uniquely.
However, the LBP can still be uniquely determined from
the rank permutations. Hence, changing the bias level for
generating the child LBPs from root permutations can be seen
as a unifying approach between the LBPs and permutation
space, where the contribution of the center pixel is adjusted
by using the bias.

6. Experiments

6.1. Qualitative Tests on n-Tuples and LBPs. In this subsection,
the distribution of the n-tuples (intermediate root permu-
tations) is studied with natural image data. The objective is
to characterize which individual n-tuples are most common
with natural image data and to make implications on their
role in the formation of uniform patterns. Also, the spatial
response of the n-tuples to different image structures is
studied with different kind of images. The runs level 2
intermediate root permutations described in the previous
section will be shown to be among the most common #-
tuples with natural image data. This observation can promote
the understanding of the uniform patterns and their high
occurrence probability with natural images in particular.

In Figures 6, 7, 8, and 9 the most common intermediate
root permutations are shown for different test images of
Figure 5. The total number of occurrences of each permuta-
tion is also shown. For each instance of a certain permutation
in the corresponding test image, a neighborhood of 35 x
35 pixels was extracted and all of the local intensity blocks
for the given permutation were combined, that is, added
together. The intensity scale was then normalized based on
the minimum and maximum values within the sum of the
permutation blocks. In order to better distinguish between
the true monotonic runs level 2 n-tuples in nonflat image
areas, only patterns which did not contain ties were extracted.

When comparing the responses in Figures 6 and 9,
it can be observed that with small neighborhood radius
(M = 6 with » = 2) the n-tuples appear to correspond
to edges in various orientations. It can also be observed
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Test image 2: 1728 x 2304

Test image 1: 2448 x 3264

R

FIGURE 5: Test images used in the experiments. Test image 1 was
chosen due to its fine texture within the leafs and the flowers in order
to compare it with the Test images 2 and 3, which contain areas of
monotonic changing intensity (representing the sky and the water).
Test image 4 was chosen in order to study the effect of edge gradients
to the n-tuples and LBPs.

that the most common intermediate root permutations are
typically of runs level 2. Hence, the theoretical analysis
in the previous sections is also supported by occurrence
statistics of the natural images. It should be noted that the
property described in the previous sections, stating that
the runs level 2 root permutations will always produce a
uniform pattern independently of the bias chosen, holds for
the intermediate root permutations as well. Independently
of the center chosen, these intermediate root permutations
will always produce a uniform LBP (to the direction I, =
P, = b,). The orientations of the detected edges follow
the direction of the most common gradients among the
test images (see e.g., Figure9 and the corresponding test
image 4). In Figure 7, the local neighborhood is extended
to M of 8 and radius of 8 using test image 2. It can
be observed that now the monotonically changing image
structures specific to the sky and to the water dominate the
average intensity blocks. In Figure 8, M of 6 and radius of
6 are used. It can be observed that the intensity structures
corresponding to the n-tuples become smoother compared to
the lower radius. In this case the n-tuples capture larger scale
changes.

Tests with repeated textures were also performed. The
images shown in Figure 10, from the Outex [24] dataset,
were used. In Figure 11, the response of the most common #n-
tuples within (8, 2) neighborhood with interpolation is shown
using the Outex images. The most common permutations in
Figure 11 correspond to the structures present in wood-012
texture sample. It consists of a gradually changing monotonic
texture pattern. According to this experiment it would seem
that especially monotonic changes contribute to the forma-
tion of runs level 2 patterns.
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FIGURE 6: Average intensity patch of the 12 most common intermediate root permutations in (6, 2) neighborhood (with interpolation)
using test image 1 of Figure 5. The first rank from the left corresponds to the Eastern direction, and the following ranks are formed to the
counterclockwise direction (North-East, North, etc.).

(4213578 6),n0.7333 (57864213),n0.5982 (4312578 6),n0.4920 (5786431 2),n0.4169

(42135687,003922 (41235786),00.379%4 (47865213),n0.3767 (5213478 6),n0.3709
(5768421300339 (41325786),n0.3276 (42135768),00.3272 (5786412 3),n0.3260

FIGURE 7: Average intensity patch of the 12 most common intermediate root permutations in (8, 8) neighborhood (with interpolation)
using test image 2 of Figure 5. The first rank from the left corresponds to the Eastern direction, and the following ranks are formed to the
counterclockwise direction (North-East, North, etc.) It can be observed that the most common intermediate root permutations with this
radius correspond to monotonically changing edge functions characterizing the horizontal gradients of the input image.
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FIGURE 8: Average intensity patch of the 12 most common intermediate root permutations in (6, 6) neighborhood (with interpolation)
using test image 3 of Figure 5. The first rank from the left corresponds to the Eastern direction, and the following ranks are formed to the
counterclockwise direction (North-East, North, etc.).

(642135),n033211 (653124),n0.30451 (3564 21),n0.28286 (46531 2),n0.26691

(13564 2),n0.25565 (24653 1),n0.24725 (421 3 5 6),n0.24655 (6 52 1 3 4), no.24259

(146532),n023153 (643125),n0.23066 (56421 3),n0.22975 (124 65 3),n0.22622

FIGURE 9: Average intensity patch of the 12 most common intermediate root permutations in (6, 2) neighborhood (with interpolation)
using test image 4 of Figure 5. The first rank from the left corresponds to the Eastern direction, and the following ranks are formed to the
counterclockwise direction (North-East, North, etc.) It can be observed that the most common intermediate root permutations correspond
now to the main edge directions specific to the test image.
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FIGURE 10: Outex [24] test images.
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FIGURE 11: Average intensity patch of the 12 most common intermediate root permutations in (8, 2) neighborhood (with interpolation) using
all of the selected Outex test images. The first rank from the left corresponds to the Eastern direction, and the following ranks are formed
to the counterclockwise direction (North-East, North, etc.) It can be observed that the most common intermediate root permutations (#-
tuples) seem to capture intensity patches corresponding to wood_012. The selected (M, r) combination might be too sensitive to noise. See,

for example, similar intensity patches related to permutations (4213578 6) and (421356 87).

Figure 12 shows the average intensity blocks of the LBPs ~ value to the maximum value. It can be noted that as the
in (6, 2) neighborhood related to the most common interme-  descriptor k of the LBPs grows, the spatial support for the
diate root permutation of test image 4, that is, permutation ~ edges becomes stronger. With small k, the detected structure
{6, 4, 2, 1, 3, 5}. The shown LBPs correspond to situation ~ becomes limited to the proximity of the center pixel. If the
where the bias is changed gradually from its minimum  permutation tree representation of Figure 4 is used (in this
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FIGURE 12: Average intensity patches of uniform LBPs in (6, 2) neighborhood corresponding to the most common intermediate root
permutation in Figure 9, that is, permutation (6 4 21 3 5). Test image 4 was used. The first bit from the left corresponds to the Eastern
direction, and the following bits are formed to the counterclockwise direction.
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FIGURE 13: Average intensity patches of certain nonuniform LBPs. Test image 4 is used. The first bit from the left corresponds to the Eastern
direction, and the following bits are formed to the counterclockwise direction.

case M = 6), the corresponding path for this runs level 2
permutation is {LEFT, RIGHT, LEFT, RIGHT} in a circular
manner. With similar tests using nonuniform patterns, the
response becomes partly limited to the area of the pattern
itself, without significant edge support (see Figure 13).

6.2. Tests with a Priori Model. In this subsection, the a priori
distribution of LBPs is further studied. The objective is to
better understand which factors contribute to the formation
of uniform patterns in particular. The proposed approach can
also give new perspectives on the previous studies in [8, 21].
Based on the examples in Section 4 (e.g., Table 1), we hypoth-
esize that root permutations which include monotonically
ordered subsets would produce more uniform patterns than
permutations of arbitrary order. This is analyzed first.

The total number of unit permutations (and final LBPs)
was (M +1)!, corresponding to the number of instances in the
constructed permutation space. The following experimental
procedure was then applied.

(1) A table containing all possible M! intermediate root
permutations was constructed.

(2) Using these permutations as root permutations, the
center bias was changed for each permutation M +
1 times in order to generate all the child LBPs
for the permutation space corresponding to all unit
permutations in given LBP neighborhood M.

In Figure 14, the length of the longest monotonic run
among the root permutations is plotted, along with the total
share of permutations resulting in uniform child LBPs. For
example, in the case of M = 10, if the length of the longest
monotonic run among the root permutations is 3, roughly
40% of the resulting LBPs are uniform, and if the length of
the longest monotonic run is 7, roughly 70% of the resulting
LBPs are uniform. These results would seem to support the
given hypothesis.

Next, we studied the correspondence between the runs
test and the relative share of uniform Local Binary Patterns.
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FIGURE 14: Length of the longest monotonic consecutive run among the permutations with respect to the total share of uniform child LBPs

while going through all unit permutations.

In Figure15, the setup was the same as previously used.
The percentage of permutations resulting in a uniform child
LBP is plotted, with respect to the total number of LBPs
within the current category. The result of the circular up and
down runs test for randomness is indexed on the x-axis. It
can be observed that as the result of the runs up and down
test for permutations decreases, the share of uniform patterns
increases. It can also be observed that for the runs test result
2, all the LBPs are uniform.

In Figure 16 the data corresponding to the previous
experimental setup is plotted with M = 10 and also
with respect to descriptor k. It can be observed that, as k
decreases, the share of permutations resulting in uniform
LBP increases. Also, as the result of the circular up and
down runs test for randomness decreases, the relative share of

uniform permutations (frequency of permutations resulting
in uniform patterns) increases. This implies that uniform
patterns become more frequent with a stronger hypothesis
of nonrandomness according to the runs test. According to
Figure 16, for the descriptor k values 0 and 1, all of the root
permutations result in uniform patterns, since all patterns (of
all-zero LBP, all-one LBP, all-zero LBP including a single 1,
and all-one LBP including a single 0) are then uniform. When
the result of runs up and down test is 2, the patterns remain
uniform despite the increase in k.

We also examined the relationship between the runs test
and individual LBPs by considering their root permutations.
It is clear that, for example, LBP 01010101 must contain at least
8 runs. However, LBP 10000 could contain various numbers
of runs according to runs up and down test for randomness,
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FIGURE 15: Number of root permutations resulting in uniform child LBPs with respect to total amount of permutations. The runs up and
down test result for the randomness of the permutation is plotted on the x-axis.

since now the leftmost LBP bit (or the bit change next to it)
alone restricts the degree of freedom of the underlying root
permutations. The remaining long sequence of all zeros allow
a large number of combinations considered as possible root
permutations.

In the following, a reverse mapping ¢y p Of
Definition 5(e) is used. For LBPs with M = 6, 000101,
101110 the number of all circular runs among the root
permutations varied between 4 and 6, with a mean of 4.667
and variance 0.908. For uniform M = 6 patterns 011100 and
111000 the runs test result varied between 2 and 6 with a mean
of 3.33 and variance 1.829. The rotation of the patterns did
not seem to affect the result, as was expected. For uniform
pattern 00000000 the number of runs varied between 2 and
8 with a mean of 5.333 and variance 1.4223 (in this case,

the total number of root permutations was 8!). For uniform
M = 8 pattern 01100000 the result of the runs test varied
between 2 and 6 with a mean of 4.667 and variance 1.245. The
results from the ¢, test indicate that nonuniform patterns,
in average, contain more runs than the uniform patterns, as
can be expected.

In Figure 17, the number of uniform patterns (permuta-
tions resulting into uniform patterns) is shown, with respect
to the length of the longest monotonic run and descriptor
k, while using the same approach as in the previous figures
of this subsection. It can be observed that maximum run
lengths around 3, 4, and 5 provide most of the contribution
to uniform Local Binary Patterns with LBP neighborhood of
M = 8 in the case of the a priori model. As expected, as
the descriptor k grows, the number of permutations resulting
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FIGURE 16: Number of runs among the root permutations, plotted
with respect to descriptor k. Z-axis represents the probability of
permutations resulting in uniform child LBP.
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FIGURE 17: The longest monotonic run among root permutations,
plotted with respect to descriptor k and only considering permuta-
tions resulting in uniform child LBPs.

in uniform LBPs also decreases due to reduced number of
binomial combinations. In general, the number of particular
unit permutations related to high descriptor k LBPs is smaller
(see (1)), emphasizing the relative effect of these particular
unit permutations on the final LBP histogram.

6.3. Experiments with Natural Image Data. The experiments
of the previous subsection with the a priori model are next
considered in the case of natural image data, by using the
test images of Figure 5. In the following, the effect of ties
and the effect of runs level 2 permutations are considered
separately. This allows studying the role of these two in the
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FIGURE 18: Percentage of uniform patterns with respect to the runs
up and down test result and descriptor k. Natural images in LBP(10,
2) neighborhood with interpolation are used.

LBPM =8
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FIGURE 19: Number of intermediate root permutations resulting
in uniform patterns with respect to the longest monotonic subrun
and descriptor k. Natural images in LBP(8, 2) neighborhood with
interpolation are used.

formation of uniform patterns in particular. The grayscale
range of all test images is 8 bits. Figures 18 and 19 correspond
to the experiments with the a priori model shown in Figures
16 and 17, respectively. In Figure 18, the percentage of uniform
patterns with respect to runs up and down test and descriptor
k is shown. An increased percentage of uniform patterns with
larger k values, in comparison with the a priori model, can
be observed. These patterns correspond to monotonic edge
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FIGURE 20: The effect of ties (neighboring pixels being of equal magnitude) to the formation of uniform patterns. It can be observed that on
average, uniform patterns tend to contain less ties than nonuniform patterns.

structures in the images. In Figure 19 the number of uniform
patterns is increased, especially for larger descriptor k values
and longer run lengths. While being a priori is extremely rare,
the high k patterns are actually among the most common
ones with natural image data when only uniform patterns
are considered. The results of Figures 17 and 19 also indicate
that natural image data increases the monotonicity of the root
permutations for the uniform patterns. As a consequence, the
number of uniform patterns is increased.

The effect of ties is considered next. In Figure 20, the
percentages of local neighborhoods containing at least one
tie are shown with respect to neighborhood radius and the
possible usage of interpolation using all of the test images
of Figure 5. For uniform patterns, the percentage share of
patterns containing at least one tie is also shown. It can be
observed that ties are not, on average, more common among
uniform patterns than with the other patterns. Similar results
were obtained with the Outex textures of Figure 10. This
implies that although ties could cause some minor increase
in certain LBP bins (e.g., all-one bin or all-zero bin) within
flat image areas, as could be predicted from the a priori
model used in [8], it seems that they cannot explain most of
the increase related to the occurrence frequency of uniform
patterns, when using natural images. A possible explanation
to this could be that ties tend to occur within flat image areas
where the relative amount of i.i.d. noise is more significant.

In Figure 21, the percentage share of runs level 2 patterns
is shown for each of the test images of Figure 5. A minor

increase in the number of these patterns can be observed for
test images 2 and 3. This could be related to the large mono-
tonic areas of the sky and the water present in these images.
The a priori estimate of the number of runs level 2 permuta-
tions (corresponding to M * 2M72/(M)), see Definition 9) is
also shown in Figure 21. Natural images seem to increase the
share of the runs level 2 permutations significantly, compared
to the a priori estimate. The percentage share of runs level 2
permutations among uniform patterns is further shown for
all of the test images in Figure 21 (as an overall average for
test images 1-4). It can be observed that also with natural
image data, the occurrence frequency of these permutations
increases further among uniform patterns.

When studying Figure 21, it can be observed in the case
of M = 8 that interpolation increases the share of runs level 2
permutations in each of the test images. The share of uniform
patterns naturally increases also when using interpolation. It
can be observed that while the number of runs level 2 patterns
is significantly larger with the test images than with the a
priori model, increasing the neighborhood radius decreases
the number of runs level 2 patterns (see e.g., the results in (8,
1) and (8, 2) neighborhoods with interpolation). This could be
explained by reduced correlation among the pixel intensities
within the local neighborhood, as the radius increases.

6.4. Quantitative Tests. We also performed initial exper-
iments with the FERET facial recognition database [25]
(FAFB, FAFC, DUPI, and DUP2) sets and Outex TC 0012 [24]
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FIGURE 21: Percentage share of runs level 2 permutations among images 1-4 in various permutation neighborhoods. The bar corresponding
to uniform patterns indicates the occurrence frequency of runs level 2 patterns among uniform patterns only. It can be observed that the
average frequency of runs level 2 permutations increases compared to the a priori model in all neighborhoods and even further when the

uniform patterns are considered.

rotation invariant texture categorization set to test whether
the intermediate root permutations of runs level 2 would
perform better in classification than traditional LBP with
uniform patterns. In all of the following tests, if not explicitly
noted, ties were coded in an increasing order of the rank
magnitudes among the n-tuples, so that a neighborhood
containing only tied intensities was assigned to the increasing
permutation {1,2, 3, ..., M}.

In Figure 22, the recognition rates for the FERET sets are
shown. The length of the feature vector in M = 6 was 720 (i.e.,
factorial of 6). It can be observed, that using only runs level 2
n-tuples (total of 96 out of 720), the recognition rate was not
significantly lower than with the full permutation histogram.
Increasing the permutation neighborhood to (8, 2) with
interpolation and using runs level 2 patterns only (total of
512 patterns out of 40320) an average recognition accuracy
close to the reported LBP(8, 2) accuracy [9] was obtained.
However, it appears that for larger M (say 8 or more) and
small radiuses the number of runs level 2 permutations drops
even with natural image data. This can be related to the effect
of noise, the high dimension of the permutation histogram,
and the substantially low a priori probability of the runs level
2 patterns. The a priori probability of runs level 2 patterns
in M = 8 neighborhood (without considering interpolation)
is as low as 1.27%, emphasizing the significant role of these

TaBLE 2: Outex TC 0012 rotation invariant texture classification
experiment.

Outex TC 0012
N-tuples (6, 2) ROT-INV

Recognition rate (%) FV length

. 47.6 16 bins
interp. (runs 2 only)

N-tuples (6, 2) ROT-INV 555 120 bins
interp. (all)

N-tuples (8, 2) ROT-INV 58.8 64 bins
interp. (runs 2 only)

LBP (8,1) ROT-INV interp. 64.6 10 bins

permutation bins in the overall permutation histogram. To
increase the number of runs level 2 patterns, we used a 4 x 4
averaging filter as a preprocessing step with M of 8.

The effect of ties to the performance of n-tuples can also
be estimated from the results of Figure 22 with M = 6. It
can be observed that neglecting ties reduces the recognition
performance for radius of 2, but with larger radiuses the
recognition accuracy is not significantly altered. The length
of the individual block histogram in [9] for the LBPs was 59,
which is smaller than for the permutations.
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FIGURE 22: FERET face recognition results with #n-tuples are shown in comparison with LBP. Test sets FAFB, FAFC, DUPL, and DUP2 are
considered (from the left to the right). It can be observed that LBP outperforms n-tuples. Also for LBP the length of the feature vector is

smaller.

In tests on rotation invariant texture classification (see the
results of Table 2) with the Outex TC 0012 set [24], a rotation
invariant mapping of intermediate root permutations (n-
tuples) was used. For each available permutation pattern,
M possible rotations were assigned, and these were then
combined in a rotation invariant manner [10]. In the case
of runs level 2 patterns only, a similar procedure was also
performed. Using (6, 2) neighborhood the total number of
runs level 2 patterns was 96, and for each rotation invariant
bin, 6 rotated bins were assigned. The final length of the
feature vector was then 16 bins. All rotation invariant »-
tuples (i.e., not only runs level 2) in the (6, 2) neighborhood
resulted in a feature vector length of 120 bins. In the (8,
2) neighborhood with interpolation using only runs level 2
patterns, by always assigning 8 patterns into the same rotation
invariant category the final length of the feature vector
became 64 bins for the n-tuples. The highest recognition rate
for the n-tuples was obtained with these parameters using
the runs level 2 patterns only. Also the feature vector length
in the (8, 2) neighborhood was shorter than with the (6,
2), which would seem to indicate that the runs 2 n-tuples
are among the most salient ones, if the n-tuples alone are
considered. However, traditional rotation invariant LBP in a
(8, 1) neighborhood with interpolation resulted in a better
recognition rate (64.6% accuracy) in [14] with the same
test set. Also, the length of the feature vector for the LBPs
was shorter (10 bins). Log-likelihood distance metric with 1-
nearest neighbor classification was used in these experiments.

The previous results raise naturally the question, why are
LBPs more discriminative than n-tuples, despite the usage of a
similar feature vector length reduction method (i.e. the usage
of runs level 2 patterns) than the uniform patterns. According

to the previous qualitative and quantitative analysis (see also
Figure 22), it appears that the performance of the n-tuples is
decreased in comparison with LBPs for two reasons. First,
their performance is decreased due to large number of ties
among small local radiuses. However, this is changed if a
larger radius is used. Second, a small change in the intensity
order (i.e., on the permutation) for larger M (e.g., more
than 6) changes the bin placement of the histograms and
increases susceptibility to noise, which is not the case in
LBP. Above-mentioned issues should be considered carefully
when designing descriptors based on n-tuple processing. As
a rule of thumb for selecting the number of samples in an
n-tuple, the radius of the local neighborhood should be at
least equal to the number of circular sample points M (see
Figure 22). In the recently proposed LOCP descriptor [26] a
binary representation of successive circular pairs in a local
neighborhood was used. This approach avoids the negative
effect of ties by changing the following circular bit only if the
intensity is changed, that is, the bin placement of the per-
mutation histogram does not change due to possible minor
intensity order differences. As a consequence, robustness to
noise could be achieved in [26] by only considering the
neighboring circular pairs when deriving the binary pattern.

7. Discussion

In this work, the observation that Local Binary Patterns can
be modeled as compositions of rank permutations was used
to study some of the mechanisms related to the formation of
uniform patterns. As previously observed, uniform patterns
are a priori very frequent (with ii.d. data), but this seems
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to be mostly explained by how they are located according
to the descriptor k (see (1)-(4)). For most k values there
are exactly 2 = M instances of uniform LBP rotations and
inversions, while the number of all LBPs increases rapidly
with descriptor k. As a consequence the relative contribution
of uniform LBPs is larger at low k values. Therefore, according
to a priori model, uniform LBPs contain a larger share of unit
permutations compared to other LBPs and are very frequent.

According to our investigation, the contribution of uni-
form patterns seems to get even stronger with a stronger
evidence of nonrandomness among the underlying data.
This issue was quantitatively analyzed in this paper using
the runs up and down test for permutations. Monotonicity
among the root permutations would be a strong indicator of
nonrandomness. In tests with natural images, the majority
of the most common circular permutations belonged to
category 2 according to the runs test, corresponding to
monotonically changing intensity structures. Using natural
image data also increased the length of monotonic runs
among the permutations, compared to the a priori model.

With real-world images occurrence percentages of uni-
form patterns of 70-90% and beyond are typical [10]. For
example, with M = 16 the percentage of uniform patterns
in textures was in the range of 57.6-79.6% in [10], while the
a priori probability that we estimated in this paper was less
than 30% (see Figure 3) for i.i.d. data without interpolation.
A considerable portion of this increase can be explained by
the bilinear subsampling (interpolation when deriving the
LBP code) as described in [8], but we also propose that a
portion of this increase could be explained by the capability of
the uniform patterns to respond to deterministic properties
within the image microstructure.

The relatively high occurrence probability of uniform
patterns a priori, and even higher occurrence probability with
natural images, could be compared also with the relative
occurrence probabilities of individual n-tuples [4], since we
showed that LBPs could be seen as compositions of n-tuples.
Monotonic n-tuples dominate the occurrence statistics of
natural images [4], which tends to increase the share of
uniform patterns. This behavior was modeled quantitatively
in this paper (see Figure 14).

Permutations with runs test result 2 can be used to capture
monotonic edges and monotonic spatial image features, as
was shown in Section 6. By increasing the radius of the local
neighborhood, also the extent of the detected change could be
increased. The formation of these patterns was examined in
Figure 4. The understanding of this behavior could facilitate
the development of new image descriptors inspired by the
uniformity principle of Local Binary Patterns. Initial tests
on the performance of runs level 2 permutation histograms
were performed in Section 6, and it appeared that their
performance did not exceed the original LBP. However, since
the formation of the runs level 2 permutations can also be
modeled as a tree structure, a graph based matching approach
for the permutations could also be possible.

The use of only certain permutations inspired by the uni-
form pattern principle would seem to enhance the properties
of n-tuples (see the quantitative experiments in Section 6).
However, for larger M the feature extraction cost is higher for
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the n-tuples and the required feature vector becomes longer.
Therefore, in these cases the traditional LBP with uniformity
is preferable. Future work includes examining the possibilities
to enhance the performance of n-tuple based descriptors,
for example, [18, 19] based on the principles proposed. We
showed that the uniform pattern principle can be at least
partly extended to n-tuples as well. This could provide a
variety of alternatives for increasing the performance of n-
tuple based descriptors. For example, the pooling scheme
in [18, 19] could be adjusted, not only to take into account
rotation but also to select n-tuples according to their runs
test score. This could also allow increasing the number
of neighborhood samples among pooled n-tuples without
increasing the descriptor length significantly.

8. Conclusions

We proposed the modeling of LBPs through nonlinear
intermediate mapping into permutations. The permutation
set was further modified in order to gain a more flexible
LBP model by removing the effect of the center pixel on
the actual permutations and by modulating the effect of
the center pixel by introducing an adjustable bias term. The
approach proposed in this paper was intended to provide
turther understanding of the LBPs and of the uniform LBPs
in particular. The notion of root permutations was introduced
in order to model the formation process of uniform patterns.
Monotonicity among the root permutations was shown to be
in an important role in the increased share of uniform pat-
terns with natural images. The possible relationship between
the runs up and down test for randomness for permutations
and the selection of uniform patterns for LBP histograms was
also considered. According to our investigation, the response
of uniform patterns is enhanced when the result of the runs
test is low, that is, indicating nonrandomness and correlation.

The a priori occurrence probability of uniform LBPs is
high. This has been previously observed to be a result from
the sampling process itself as well as from the use of bilinear
interpolation. In addition to this, we provided quantitative
analysis on how the Local Binary Pattern methodology,
together with selecting only the uniform patterns, can be seen
as a process which further enhances the response of such
deterministic underlying image intensity structures, which
are not likely to be formed by statistically random distribution
or phenomena. Being also shape primitives, the uniform
Local Binary Patterns naturally embody response to various
microshapes.

Acknowledgment

The research was funded by the Academy of Finland Project
no. 254430.

References

[1] M. Pietikainen, A. Hadid, G. Zhao, and T. Ahonen, Computer
Vision Using Local Binary Patterns, Springer, Berlin, Germany,
2011.



20

[2] N. Chatlani and J. J. Soraghan, “Local Binary patterns for 1D
signal processing,” in Proceedings of the 18th European Signal
Processing Conference, pp. 95-99, Aalborg, Denmark, 2010.

[3] http://www.cse.oulu.fi/CMV/LBP_Bibliography/.

[4] L. Hepplewhite and T. J. Stonham, “Texture classification using
N-tuple pattern recognition,” in Proceedings of International
Conference on Pattern Recognition (ICPR *96), vol. 4, pp. 159-
163, Vienna, Austria, 1996.

[5] L. Wang and D.-C. He, “Texture classification using texture
spectrum,” Pattern Recognition, vol. 23, no. 8, pp. 905-910, 1990.

[6] L.Hepplewhite and T. J. Stonham, “N-tuple texture recognition
and the zero crossing sketch,” Electronics Letters, vol. 33, no. 1,
pp. 45-46,1997.

[7] W. Zhang, S. Shan, W. Gao, X. Chen, and H. Zhang, “Local
Gabor Binary Pattern Histogram Sequence (LGBPHS): a novel
non-statistical model for face representation and recognition,”
in Proceedings of the 10th IEEE International Conference on
Computer Vision (ICCV °05), vol. 1, pp. 786-791, October 2005.

[8] E Bianconi and A. Fernandez, “On the occurrence probability
of local binary patterns: a theoretical study,” Journal of Mathe-
matical Imaging and Vision, vol. 40, no. 3, pp. 259-268, 2011.

[9] T. Ahonen, A. Hadid, and M. Pietikdinen, “Face description
with local binary patterns: application to face recognition,” IEEE
Transactions on Pattern Analysis and Machine Intelligence, vol.
28, no. 12, pp. 2037-2041, 2006.

[10] T. Ojala, M. Pietikdinen, and T. Méenpéad, “Multiresolution
gray-scale and rotation invariant texture classification with local
binary patterns,” IEEE Transactions on Pattern Analysis and
Machine Intelligence, vol. 24, no. 7, pp. 971-987, 2002.

[11] C. Shan and T. Gritti, “Learning discriminative LBP-histogram
bins for facial expression recognition,” in Proceedings of British
Machine Vision Conference (BMVC *08), Leeds, UK, 2008.

[12] T. Ahonen, J. Matas, C. He, and M. Pietikdinen, “Rotation
invariant image description with local binary pattern histogram
fourier features,” in Proceedings of Scandinavian Conference
on Image Analysis (SCIA ’09), vol. 5575 of Lecture Notes in
Computer Science, pp. 61-70, 2009.

[13] A. Ferndndez, O. Ghita, E. Gonzélez, F. Bianconi, and P. F.
Whelan, “Evaluation of robustness against rotation of LBP, CCR
and ILBP features in granite texture classification,” Machine
Vision and Applications, vol. 22, no. 6, pp. 913-926, 2011.

[14] G. Zhao, T. Ahonen, J. Matas, and M. Pietikdinen, “Rotation-
invariant image and video description with local binary pattern
features,” IEEE Transactions on Image Processing, vol. 21, no. 4,
pp. 1465-1477, 2012.

[15] T. Maenpaa, T. Ojala, and M. Pietikainen, “Robust texture
classification by subsets of Local Binary Patterns,” in Proceedings
of the 15th International Conference on Pattern Recognition, vol.
3, pp- 947-950, Barcelona, Spain, 2000.

[16] I. Guyon and A. Elisseeff, “An introduction to variable and
feature selection,” Journal of Machine Learning Research, vol. 3,
pp. 1157-1182, 2003.

[17] R.Zabih and J. Woodfill, “Non-parametric local transforms for
computing visual correspondence,” in Proceedings of European
Conference on Computer Vision, pp. 151-158, Stockholm, Swe-
den, 1994.

[18] Z. Wang, B. Fan, and E Wu, “Local intensity order pattern for
feature description,” in Proceedings of IEEE International Con-
ference on Computer Vision (ICCV ’11), pp. 603-610, November
2011.

ISRN Machine Vision

[19] B. Fan, E. Wu, and Z. Hu, “Rotationally invariant descriptors
using intensity order pooling,” IEEE Transactions on Pattern
Analysis and Machine Intelligence, vol. 34, no. 10, pp. 2031-2045,
2012.

[20] T. Ahonen and M. Pietikdinen, “Image description using joint
distribution of filter bank responses,” Pattern Recognition Let-
ters, vol. 30, no. 4, pp. 368-376, 2009.

[21] O. Lahdenoja, “A statistical approach for characterizing local
binary patterns,” TUCS Technical Report 795, 2006.

[22] O. Lahdenoja, M. Laiho, and A. Paasio, “Reducing the feature
vector length in local binary pattern based face recognition,”
in Proceedings of IEEE International Conference on Image
Processing (ICIP 05), pp. 914-917, Genova, Italy, September
2005.

[23] J. D. Gibbons, Nonparametric Statistical Inference, McGraw-
Hill, New York, NY, USA, 1975.

[24] T. Ojala, T. Maenpaa, M. Pietikainen et al., “Outex—new frame-
work for empirical evaluation of texture analysis algorithms,”
in Proceedings of the 16th International Conference on Pattern
Recognition, vol. 1, pp. 701-706, 2002.

[25] P. J. Phillips, H. Wechsler, J. Huang, and P. J. Rauss, “The
FERET database and evaluation procedure for face-recognition
algorithms,” Image and Vision Computing, vol. 16, no. 5, pp. 295—
306, 1998.

[26] C. H. Chan, B. Goswami, J. Kittler, and W. Christmas, “Local
ordinal contrast pattern histograms for spatiotemporal, lip-
based speaker authentication,” IEEE Transactions on Informa-
tion Forensics and Security, vol. 7, no. 2, pp. 602-612, 2012.



ARTICLE 9

O. Lahdenoja, T. Santti, J. Poikonen, M. Laiho, A. Paasio,
Characterizing spatters in laser welding of thick steel using motion
flow analysis, 18th Scandinavian Conference on Image Analysis,

pp. 675-686, 2013.

© 2013 Springer. Reprinted with kind permission from Springer
Science and Business Media.






ARTICLE 10

O. Lahdenoja, T. Santti, M. Laiho, J. Poikonen, Spatter Tracking
in Laser- and Manual Arc Welding with Sensor-level Pre-

processing, 22" International Conference on Computer Graphics,
Visualization and Computer Vision (WSCG), 2014.

Permission to make digital or hard copies of all or part of this
work for personal or classroom use i1s granted without fee
provided that copies are not made or distributed for profit or
commercial advantage and that copies bear this notice and the
full citation on the first page. To copy otherwise, or
republish, to post on servers or to redistribute to lists,
requires prior specific permission and/or a fee.






Spatter Tracking in Laser- and Manual Arc Welding
with Sensor-level Pre-processing

Olli Lahdenoja

Technology Research Center
Brahea Center, University of
Turku, 20014 Turku Finland

olanla@uitu.fi

Tero Santti

Technology Research Center
Brahea Center, University of
Turku, 20014 Turku Finland

teansa@utu.fi

Mika Laiho, Jonne Poikonen

Technology Research Center
Brahea Center, University of
Turku, 20014 Turku Finland

mlaiho@utu.fi, jokapo@utu.fi

ABSTRACT
This paper presents methods for automated visual tracking of spatters in laser- and manual arc welding. Imaging
of the welding process is challenging due to extreme conditions of high radiated light intensity variation. The
formation and the number of spatters ejected in the welding process are dependent on the parameters of the
welding process, and can potentially be used to tune the process towards better quality (either on-line of off-
line). In our case, the spatter segmentation is based either on test on object elongatedness or Hough transform,
which are applied on pre-processed image sequences captured by a high-speed smart camera. Part of the
segmentation process (adaptive image capture and edge extraction) is performed on the camera, while the other
parts of the algorithm are performed off-line in Matlab. However, our intention is to move the computation

towards the camera or an attached FPGA.
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1. INTRODUCTION

One phenomenon in laser welding and welding in
general is the formation of spatters, which represent
the ejection of melt from the interaction zone caused
by extreme conditions of material interaction.
Increased spatter formation may indicate that the
process parameters need to be adjusted to improve
the quality.

In previous works [Niclla], [Nic09a] the spatter
formation was related to the on-line control of
process parameters in welding of aluminum and 1mm
thick steel sheets. In [Niclla] the spatter
segmentation was based on blob analysis including a
threshold operation with a suitable mask. In [J4g08a]
a spatter tracking system incorporating a Kalman
filter for trajectory analysis was proposed. In
[Fen09a] spatter tracking in the context of laser
MAG (metal active gas) welding was proposed. An
off-line Kalman filter based approach for tracking
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fee provided that copies are not made or distributed for
profit or commercial advantage and that copies bear this
notice and the full citation on the first page. To copy
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was implemented with an SVM based spatter
extraction.

In this paper, we present an approach for spatter
tracking in the scenario of welding thick steel, by a
combination of a smart camera for on-line processing
and spatter event tracking as an off-line process,
enabling automated analysis of the spatter behavior
in welding. Different alternatives for spatter
segmentation and tracking are considered in the
context of high power laser welding and traditional
manual metal-arc welding.

2. SPATTER EXTRACTION AND
SEGMENTATION
On-line analysis

The huge difference between the intensity of light
radiated from the welding zone compared to the
surrounding areas causes a challenge for welding
spatter segmentation and tracking. The objective is to
enable the spatter object segmentation both within
the very low and the very high intensity regions. This
can be difficult to achieve because of the high intra-
scene dynamic variation. Successful image capture
may still be performed with the aid of active laser
illumination [Fen(09a]. Alternatively, a smart camera
adapting to the intensity variation locally can be
used.



Our approach is to use a high-speed smart camera,
which enables the imaging of the welding zone by
adjusting the integration time of the individual pixels
according to their nearby local surroundings
[Lah13a]. After this, the camera is used to extract the
edge information from the second order spatial
neighbors against an adjustable threshold. The
KOVAL array [KOV] provides a 96x96 resolution
pixel parallel mixed-mode imaging processor, with a
processor per pixel image processing functionality. In
order to achieve a high enough frame rate for this
application, only binary (1-bit) image sequence was
used. Using gray scale images would limit the frame
rate by filling up the bandwith of the 100 Mb/s
Ethernet connection from the camera to the PC.
Additionally, the required processing (edge
detection) is performed faster on the camera than on
the FPGA or the PC.

Off-line analysis

The spatter segmentation was performed as an off-
line process in Matlab. Two slightly different
methods for spatter segmentation are considered. The
first is to apply Hough transform directly on the
extracted edge images. This allows capturing the
center location and perimeter of the spatters. The
disadvantage of the method is that spatters which are
not circular cannot be detected correctly. However,
the method can also be implemented on FPGA for
high-speed analysis.

The second considered approach is first to apply an
additional morphological processing step to the
extracted binary images (a morphological closing), in
combination with connected component labeling.
The closing operation could also be implemented on-
line. The extracted object regions are then tested by
their eccentricity (‘regionprops’ in Matlab R2012b).
An additional step considered in this paper is to
require that the center pixel of the object is of
adjacent polarity compared to the edge pixels. This
may be used to refine the circularity of the object,
since it can be assumed that the spatters are, in
general, symmetric and the edge image provided by
the adaptive integration of the camera provides an
object with a hole in the center.

3. SPATTER TRACKING

The proposed tracking algorithm is implemented in
Matlab, and described in the following. First, the
segmented objects are extracted as described in the
previous section. A list containing the elements of
initial spatter properties (SPL1) is created. Each
spatter is assigned an individual ID number (in phase
3) and spatter area property, which describes a
circular region in the case of Hough transform, and

otherwise a rectangular region. TSPL_PRE (previous
tracked spatter list) is initialized also to zero in this
step. The steps of the tracking algorithm are
explained below (1-5).

1) Initialize TSPL = 0 (Tracked spatter list)
and read SPL2 (Spatter list 2) based
segmented spatters at this frame.

2) Compare SPL2 to TSPL PRE according to
criterion IS NEAR and update the matching
spatters to TSPL. Remove these spatters
from SPL2.

3) Compare the remaining SPL2 to SPLI,
initialize and update those with property
IS NEAR INIT to TSPL. Initialize spatter
ID.

4) SPL1=SPL2, TSPL PRE=TSPL

5) If frames left, Go back to phase 1

To initiate the tracking, the test IS NEAR INIT
considers the spatter locations and areas only,
without considering the previous displacement
vector. In this phase, we use Euclidean maximum
distance requirement of below 15 pixels. The test
IS NEAR performs the following action. The
previous displacement vector (See Fig. 1) of the
spatter under tracking has been stored and it is
compared by using the IS NEAR criteria to each of
the new spatter observations. We use a Euclidean
distance requirement of < 5 pixels. The assumption is
that the spatters roughly propagate with constant
velocity. An additional property which is checked is
that the size of the new spatter has to be above 0.5
times and below 2 times of the size of the old spatter.
The time which the spatter has been tracked (in
number of frames) is also stored. All of the tracked
spatters are collected to a list for later analysis. The
post-processing step incorporates also a possibility to
consider the average sizes and velocities of the
spatters under test.

Observe that we use the same tracking algorithm in
both cases i.e. with the connected component
labeling based segmentation and with the Hough
transform  based  segmentation.  Thus, the
segmentation algorithm, which could be performed
on the camera or on an FPGA, is not affected by the
tracking algorithm. Further possibilities of HW
accelerating the tracking algorithm are discussed in
section 6.
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Figure 1. The test for proximity between two
spatters. The estimated new center location of the
spatter according to previous frames is compared
to each of the candidate spatters in Frame t
according to Euclidean distance (partly reminding
the Kalman filter [Jéig08al]).

4. EXPERIMENTAL SETUP
Manual metal-arc welding set-up

The first tests were performed with manual arc
welding, where the number of spatters is very large.
The experimental setup in this case was initially
targeted to test the properties of the camera, but the
excessive spatter formation was shown to be suitable
also for testing the spatter tracking algorithm. The
frame rate used was 1408 Fr/s (with a difference
between two frames of approximately 710us). Fig. 2
represents an example of the adaptive camera capture
and the corresponding edge image captured on-line.

Laser welding set-up

The second test case used was a coaxial setup of full-
penetration mode laser welding of 4mm thick steel.
The laser power applied was selected so that full
penetration was achieved, 4.5kW on 12mm/s and
6kW on 20mm/s welding speeds. The number of
spatters was very low, which created challenges for
the automated spatter analysis due to a relatively
large portion of vapor plume. A partial penetration
mode is expected to produce more spatters, which
will be studied in the future. The frame-rate applied
was approximately 3500 Fr/s.

5. EXPERIMENTS
Manual metal-arc welding tests

Hough transform was found to suite well to the case
of manual metal arc welding, since the spatters were
typically circular (See Fig. 2). The considered
radiuses were from 2 to 10, with a Hough sensitivity
parameter (HS) of 0.85 (the available implementation

in Matlab R2012b). However, large spatters (e.g.
r>6) were very rare, due to larger imaging area in
comparison with the laser welding. Connected
component labeling, which was applied after a binary
closing with a 3x3 mask of all ones was used as a
reference method. The object elongatedness was
required in this case to be below 0.9.

Since it was not possible to manually label the whole
welding sequence, the performance of the tracking
was estimated so that a ground truth was generated
and the overall spatter count returned by the
algorithm (i.e. TP+FP) was determined at constant
100 frames steps (see Fig. 4, index 1 indicates frames
1-100 etc.). Note also that the ground truth contains
all spatters, but the tracking algorithm only counts
spatters included in at least 3 succeeding frames.

Figure 2. The arc welding set-up. The image on
the top represents the welding zone captured by
the adaptive integration. On the bottom the edges
extracted on-line and the tracked spatter IDs
extracted off-line.



Figure 3. The laser welding test setup. The camera
is attached to the welding head (from Precitec)
through a 90 degree mirror and focusing lens. The
fibre laser is brought from a collimator through
90 degree mirror optics to the work piece. The
focal position of the laser was -4mm (below the
surface).
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Figure 4. An indicative chart on the ground truth
and the overall number of detected spatters in arc
welding in frames 1-1500 at 100 frame intervals.

In the tests, increasing the requirement of the number
of consecutive tracked frames could be used to filter
out false positives caused by the vapor plume and to
make it possible to increase the sensitivity of the
segmentation. Also, a rectangular area near to the arc
end was masked to reduce the effect of the plume.
The ground truth was generated by three human
experts in 500 frame intervals, which was quite
challenging and could induce certain bias. It can be
observed, that results follows the manually extracted
spatter behavior. It appears in Fig.4, that when the
number of spatters (and likely the amount of plume)
is higher, the Hough transform gives better results. In
Fig. 5, an angular histogram plot of the spatter
directions for the same sequence is shown with

Hough transform (3 succeeding tracked frames
required).
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Figure 5. An angular histogram plot of the most
common spatter directions in the arc welding test
using Hough transform. The location of the arc
was approximately in the location shown in Fig. 2.

Laser welding tests

Since the spatters in laser welding were not always
circular, the connected component analysis in
combination with spatter elongatedness test was
applied with the same parameters as in arc welding.
An additional requirement was that the center
location of the spatters was white, which was shown
to reduce the false alarm rate. The size of the
detected spatters was limited to a square of minimum
edge dimension of 5 pixels and maximum edge
dimension of 20 pixels.

B +0)

J

Figure 6. Examples of tracked spatters in laser
welding scenario.

A ground truth of first 1000 frames of the sequence
was manually collected, including only 13 spatters.
The total amount of spatters was very low due to the
used full penetration mode. A total of 9 spatters were
detected correctly in comparison with the ground
truth with one false alarm. Thus, a detection rate of
69.2% was obtained with false positive rate of
0.001/frame. Fig. 6 represents examples of tracked
spatters in the laser welding scenario.



In [Niclla] the false positive rates of spatter
segmentation varied between 0.009/frame and
0.028/frame. The detection rate is not directly
comparable, since the authors in [Niclla] consider
the detection of spatter events as an occurrence of
one or more spatter within a single image. If there
were one or more spatters present in the ground truth
and also in the segmentation result, the match was
considered as positive. In our case, individual
spatters, which may locate across multiple
succeeding frames are considered. However, it
should be noted, that the tracking option used in our
paper relaxes the requirement for spatter counting,
since if a spatter is not found from an individual
frame, the correct detection can still be attained in the
succeeding frames.

6. ON POSSIBILITIES OF HW
ACCELERATING THE ALGORITHMS

We are currently studying options for implementing
the segmentation and the tracking algorithm on
FPGA or by in-camera processing. While examining
seam tracking, we have already demonstrated Hough
transform based line detection on the FGPA attached
to the camera [Sén14a]. The unit will be modified to
detect circles, and then used as the detection engine
for the tracking algorithm presented in this paper.
Also the FPGA based acceleration of the tracking
algorithm is possible. Currently on laptop PC with
Matlab the algorithm runs approximately 30fps
(without considering the time for the segmentation).

FPGA based processing

In order to implement the tracking algorithm on an
FPGA the number of segmented spatters (elements in
the lists) sets the limit for the efficient
implementation. This is because the parameters of
the spatter elements (e.g. 8-bit values) should be,
preferably, mapped to the internal FPGA Block
RAMs and not to external memory, which introduces
extra latency. Assuming a BRAM size of 36kbit and
list element size of 6*8 = 48 bits, the maximum
number of elements in a list can be estimated. When
mapped to a single BRAM the maximum length of a
list would be 768, which should be enough for the
application considered. The collection of the final
spatter properties for further analysis could then be
implemented by sending the data to a PC. At this
point, as mentioned, only the adaptive image capture
and spatter edge extraction were performed on-line.

Camera based processing

The applied smart camera (KOVAL) includes pixel-
level processing functionality based on Cellular
Nonlinear Network (CNN)-type [Ros93a] parallel

processing architecture. In the KOVAl1 CMOS
sensor chip, analog and digital (mixed-mode)
computational circuitry, as well as binary (static) and
analog (dynamic) memory is integrated physically
together with each sensor diode, creating a focal
plane cell [Lailla]. The additional pixel-level
circuitry naturally imposes some limits on practical
image resolution vs. chip size (cost/yield), e.g. the
size of the commercial KOVAI sensor-processor
array is 96x96 pixels, while the largest published
research implementation with a similar cellular
processing architecture is the SCAMP-5 with a
256x256 pixel array [Carl3a].

Each pixel cell in the sensor array of the KOVAL is
directly connected to its nearest neighborhood and in
some operations even to the second neighborhood.
Information propagation over larger distances is also
possible in an asynchronous or synchronous manner.
The cellular connectivity together with local, pixel-
level, memory and processing circuitry allows the
implementation of multiple-stage image analysis
operations on the pixel plane. The pixel-level parallel
processing and the avoidance of data transfer to an
external processor result in reduced energy
consumption and more importantly considering the
present application, greatly reduced processing delay.
The pixel-level processing functionality of the
KOVAL includes both grayscale and binary (1 bit)
operations. The grayscale processing was used in this
case to implement the image dynamic compression
used in the capture of the welding data. The
preprocessed grayscale image is segmented into a 1
bit binary representation to allow more efficient
pixel-level shape and object analysis.

At this stage an edge detection operation has been
used to extract relevant detail. The pixel level
processing circuitry enables the implementation of
sensor-level binary mathematical morphology and
other similar analysis, as described in [LaiO8a], as
well as normal Boolean logic operations. By storing
and combining intermediate result images in local
pixel memory even complex spatial processing
sequences can be performed on the sensor plane,
including  time-domain  inter-frame  analysis.
Asynchronous binary propagation on the sensor
plane can be used to perform regional operations
such as holefilling, or morphological reconstruction
very efficiently. By applying more binary analysis on
the sensor-level, the processing demands at later
stages (e.g. on an FPGA) can be greatly reduced,
while retaining sufficient overall analysis speed.

If edge image based spatter segmentation is applied,
one possibility to perform more computation at the
camera level would be to use a holefiller template
with pixel-level processing to detect roundish spatter
objects, and then to extract the center locations of
these objects for further processing. However, the



holefiller template requires, that the edges of the
objects are fully connected, which may not be always
achievable. This could be avoided by using
orientation selective propagation templates and by
combining them or by applying a combination of
dilation and skeleton extraction. Also blob based
region extraction could be considered in the future.

7. DISCUSSION

The test set used in laser welding was challenging,
since the spatters were not always circular, and due
to second order neighborhood used in smart camera
based segmentation. A second order neighborhood
was used to better obtain the smooth edges of the
spatters. Due to this, the edges of the spatters were
thick, thus reducing the freedom in applying a larger
closing mask. The purpose of the closing mask is to
avoid a situation, where an individual spatter is
detected as two distinct objects in the connected
component labeling step. Also, if using too large
closing mask, the centroid of the spatters becomes
filled, and the segmentation process becomes less
robust.

An approach for spatter segmentation and tracking in
two welding scenarios was proposed. Our approach
extends the work in [Niclla] in that it also enables
the spatter tracking and the analysis of the individual
spatter properties. Future work consists of developing
methods towards on-line spatter analysis. In
comparison with work in [Lahl3a] the methods
proposed provide further robustness to false positives
induced by the vapor plume. A limitation of the
proposed approach in comparison with traditional
multi object tracking is that the collision of two
spatters may lead to erroneous tracking. This issue
should be addressed in the future.

8. CONCLUSIONS

Methods for spatter segmentation and tracking in two
welding scenarios were proposed in this paper.
Hough transform was proposed for extracting
spatters in the manual-arc welding scenario, while
object elongatedness analysis was proposed for laser
welding. The advantage of the Hough transform
based segmentation is that it inherently avoids
merging two distinct objects (or plume) nearby into
the same object in the segmentation phase. The main
advantage of the connected component analysis
approach and the elongatedness test was that the
objects need not to be circular, allowing flexibility
for segmentation. Checking the polarity of the center
pixel of the extracted object also increased the
robustness of the segmentation algorithm.
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