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Abstract

This paper proposes a novel machine learning algorithm (SP-Boostitagkle the
problem of lipreading by building visual sequence classifiers base@aquestial pat-
terns. We show that an exhaustive search of optimal sequential jgaisenot possi-
ble due to the immense search space, and tackle this with a novel, effieierge@rch
method with a set of pruning criteria. Crucially, the pruning strategiesepreour abil-
ity to locate the optimal sequential pattern. Additionally, the tree-basedhsesthod
accounts for the training set’s boosting weight distribution. This tempeeats method
is then integrated into the boosting framework resulting in the SP-Boostingthlgo
We also propose a novel constrained set of strong classifiers thaifimproves recog-
nition accuracy. The resulting learnt classifiers are applied to lipreadimmpiiorming
multi-class recognition on the OuluVS database. Experimental results statvour
method achieves state of the art recognition performane, using onlalh sh of se-
quential patterns.

1 Introduction

This paper presents a machine learning approach to Lip Rgadid proposes a novel learn-
ing technique called sequential pattern boosting thatvalles to very efficiently search and
combine a set of temporal patterns to form strong spatigteai classifiers. Any attempt
at automatic lip reading needs to address the demandinigiebalthat the problem is inher-
ently temporal in nature. It is crucial to model and use spegmporal information. There
already exists a body of work that deals directly with thé&@fdip reading, all attempting to
model and exploit the dynamics of the lip movements. One laopuethod is to model the
temporal information using Hidden Markov Models (HMM). Nfatws et al p] proposed

a method that models lip movements using HMMs on Active Appieee Models (AAMS).
This was improved by Lan et &, where short term temporal information was included in
the feature vector. Another possibility is to use geometriormation, for example mouth
width, area within the inner lip, etc.3]. However, this requires accurate tracking of both the
inner and outer lip shape, a non-trivial task. An alterretixould be to utilise simpler visual
features that can be extracted within a bounding-box aratatong the mouth. This is the
approach that is taken in this paper, where binary compafisatures are used. Recently,
Local Binary Patterns (LBPs) have been popular as visualifea for lipreading. Zhao et
al[8] proposed a method that uses LBPs that span both time and, gftectively modelling
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local spatio-temporal information. Support Vector Ma@srwere then used to build clas-
sifiers of feature vectors from histograms of LBP respon€as: proposed method differs
from SVM-based methods in that we attempt explicit tempégature selection by means
of the boosting algorithm. This allows us to build classfigrat are smaller and thus more
efficient, whilst providing similar accuracy. The rest oétphaper is organised as follows.
In the next section, we will describe a novel boosting alfponithat efficiently searches and
combines optimal sequential patterns for classifying t@ralsequences. We also propose a
time-constrained set of strong classifiers. In Secliowe describe and analyse the experi-
mental results of the proposed methods before concludiSgation4.

2 Sequential Pattern Boosted Classifiers

In this section, we propose a novel machine learning metbodefrning strong spatio-
temporal classifiers by means of boosting. A boosted classifinsists of a linear combina-
tion of a number $) of selected weak classifiers, and take the formut) = 33 ; aihi(1).
The weak classifierk; are selected iteratively based on weights formed duririgitrg. In
order to determine the optimal weak classifier at each Bogsteration, the common ap-
proach is to exhaustively consider the entire set of camelideeak classifiers and finally
select the best weak classifier (i.e. that with the lowesghteid error). However, as we will
see in Sectior2.2, when we are dealing with temporal patterns, the number akvedas-
sifiers becomes too large, making an exhaustive search getdeasible. To address this,
we propose a novel Boosting algorithm called SequentiagéRaBoosting $P-Boost This
method will result in a classifier that combines a set of weatksalient temporal patterns
that are useful for recognising a class of temporal seqence

2.1 Sequential Pattern Weak Classifiers

In order to classify temporal patterns, we start with the@spntation of sequential patterns
frequently used in dataminin@,[7].

Definition 2.1 Given a binary feature vector £ (fi)2 , let T  {1,...,D} be a set of inte-
gers wherevt € T, fy = 1, that is, T represents all the dimensions of F that have theevaf

1. Wecall T as aitemset LetT = (Ti)!l'l be a sequence ¢T| itemsets. We denoteas a

sequential pattern

Attempting to use sequential patterns for classificatiquires an operator to determine
if a sequential pattern is present within a given featuréoresequence:
Definition 2.2 Let T and| be sequential patterns. We say that the sequential pafiém

presentin if there exists asequen(;ﬁ)['l, where < Bjwheni< jandvi={1,...,|T|},TiC
lg . This relationship is denoted with thies operator, i.e.T Csl. Conversely, if the sequence

(Bi)i[‘1 does not exist, we denote it ds7s|.

From this, we can then define a sequential pattern weak fitasss follows: LetT be
a given sequential pattern amcbe an itemset sequence derived from some input binary
vector sequencE. A sequential pattern weak classifier®P weak classifieh” (1), can be

constructed as follows:
hT(I): 1, !fTCSI )
-1, ifT ¢sl
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Given a weak classifigr’ (1) defined above, we can now measure its performance on the
of positive and negative example training sequences. Waeal#ie positive training set as
= {(1;,w") N, whereN* is the number of training examples ahdis a sequential
pattern and associated with it is the boosted weight Similarly, the negative training
set is defined a¥ ~ = {(17i,w; )}, whereN~ is the number of training examples and
I;” is a single negative training sequential pattern with biogstveightw; . To achieve
this, we define the positive training set erref,", of the weak classifien’ (1) as: €' =
zi'\‘;lwﬁ(hT(li*) #1). Similarly, the negative training set erref*+, of the weak classifier
h'(1) can be defined ag™™ = N, w (hT(1;") # —1). Finally, the overall error of' (1)

on the entire training dataset is defined a$:= €™ + &7, It will be useful in the later
sections to note that the errois:, £+, T~ are associated with the pattéfn

2.2 Efficient Tree-Based Search for Optimal Sequential Patter

We are now faced with the task of selecting the best sequigraitern weak classifier, an
extremely challenging task due the vast amount of possélnjeential pattern configurations.
With D features, sequential patterns up to lengtand maximum oK items, the number of
weak classifiers is the binomial coefficient polynomi@)N. In the experiments performed
here D = 900K = 3,N = 7), the total number of weak classifiers i&18°8, making pre-
generating the entire set of weak classifiers and evaluating individually not feasible. We
approach the task of selecting the optimal SP weak classifterms of a tree-based search.
Here, sequential patterns are arranged into a tree-basedusep].Each tree node corre-
sponds to a particular sequential pattern that increaserplexity as we traverse deeper
into the tree. To traverse different nodes on the tree, wednice two operators for extend-
ing a sequential pattern: the first adds a new element tostsét and the second appends
another sequential pattern to its end. These correspondteaath and depth traversal in
the tree structure.

Definition 2.3 Let P be an itemset ant= ('I'i)i[‘1 a sequential pattern. We can perform an
itemset extensioto T using P with the itemset extension operatr T UsP = (Ty, ..., Tyt U

P). LetP = {F’.}El be a sequential pattern. We can thegguence exteridl with P using
the sequence extension operatey: T +sP = (Ty,..., Tjr,P1,...,Pp|).

We find that both operatorss and-+s have important properties in relation ¢o; that will
be crucial to developing suitable tree-pruning criteriaa

Lemma 2.1 LetP,T andR be sequential patterns. F+sT CsR, thenP CsR, T CsR.

Proof SinceP+sT Cs R, then3(By,...,Bp; Vi, V7)) WhereR C Rg,Vi = [1,|P|] and
Ti C Ry,Vi=[1,|T|]. Thus, by definition ofZs, P CsR andCs, P CsR.

Lemma 2.2 LetP andR be seq. pats. and T an itemsetPlis T CsR, thenP CgR.

Proof SincePUsT CsR, then3(fa, ..., Bjp|) whereR C Rg,Vi = [1,|P| - 1] andRp UT C
RBM' This means thaﬂm C Rﬁ\P\’ thusP csR.
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2.3 Tree Pruning Methods

In order to avoid having to search the entire sequentiatpatree, which is equivalent to
performing an exhaustive search, a number of tree-prurtnagegies are introduced. Im-
portantly, these tree-pruning strategies should not stoffam selecting the optimal weak
classifier. This can be achieved by identifying and pruningeguential patterns that when
extended, will never result in weak classifier errors belog/durrent best error. We will de-
note these sequential patterngasne points We start by observing that the more complex
a sequential pattern becomes (e.g. by itemset or sequetares®n), the number of training
examples containing it reduces. Specifically:

Lemma 2.3 LetP, T be sequential patterns, R be an itemset afie= {(1;,wi)}N ; be a set
of N training examples in the form of sequential patterns @sdssociated weights. Let
IP ={(1,w) € .# : P Cs1}, the set of training examples with sequential pattern P @nth
Firstly, #P+sT ¢ #P. Secondly,#P“sR ¢ 7P (Proof in Appendi®).

This has important implications on how errors in the posittlataset.¢ *)and negative
dataset.(Z ~) evolve as a weak classifier's associated sequential pdtézmomes more com-
plex. In particular, an increase in complexity of a sequ@mattern results in monotonically
increasing positive errors and monotonically decreasegative dataset errors:

Lemma 2.4 Let h'(X) be associated with sequential pattéFrwith positive and negative
training errors ofe™* ande'~ respectively. LeP be a sequential pattern and R an itemset,
then: e+ < eT+sP)+ and eT+ < ¢(TUsR+  Additionally, we have™™ > &(T+sP)~ and
eT~ > (TR~ (Proof in AppendixB)

2.3.1 Prune Criteria 1: Error Lower Bound

The first criteria for stopping any further sequence extarsis achieved by considering the
lower-bound for the sequential pattern weak classifiersrefirstly, the error of the weak
classifierh™ (X) is €T = €T+ 4 £T~. However, Lemma.4 shows us that any pattern exten-
sions of T will lead to monotonically increasing errors ef *, whilst e"= monotonically
decreases. From this, it is clear that the error on the pegitataset is the lower bound for
the error of future classifiers based ®nThus, suppose the minimum weak classifier error
found thus far igmin, and we are given a new itemgebr new sequential pattefmto extend

T by, the error lower bound pruning criteria is introduced:

a) Ife(T+sP)+ > g . then the patterit +sP is a prune point and all its superset patterns
need not be given further consideration.

b) Similarly, if e(T“sR+ > g..i, then the patterfi UsRis a prune point and all its superset
patterns need not be given further consideration.

c) If €T~ < e™ thenT is also a prune point.

2.3.2 Prune Criteria 2: Datamining A-priori Principles

It is also possible to exploit various pruning steps intrgtli by research in data-mining
[1, 2]. These take the form of the following two pruning criteria:
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a) We can remove items for consideration during itemsetnsites if they were also
rejected when considered for sequence extensions. SupptieenT is a sequence
extended by p) wherepis an itemset index. It was then found tiat-s(p) is a prune
point (i.e. €T Ts(P+ > gi), then for all possible itemseR; we havesTVUs{RUs(P)}+ >
&min- Consequently, it is no longer necessary to congidarthe itemset extensions of
patterns based on.

b) We can also remove patterns for consideration duringeserpiextensions if they were
also rejected when considered for itemset extensions.nGiygttern, and an item-
set{p} for itemset extension. Suppose it was found that { p}, is a prune point (i.e.
eTUs{PH > g, then for all possible patterri®, we haveg! sRUs{P}+ > g .. Con-
sequently, it is no longer necessary to consiggrin the future sequence extensions
of patterns based on.

2.4 Optimal SP Weakclassifier Selection

Using the pruning criteria introduced above, the algorifomselecting the best sequential
pattern weak classifier is given in Algorithin This algorithm works on a depth-first search
basis. Additionally, a queue-based algorithm is propotieds avoiding the need for recur-
sion. The proposed algorithm works on creating patternsappénding them onto a queue
Q= q.l‘g‘l where each element is a tuple with the following forgn= (T;,K;,S), where

Ti= ('ﬁ7j)‘jT=“1) is a sequential patterk; = {ki,,-)‘sz”l} is the set of items to itemset-extemd

with, and§ = (s7j)|jT:‘|1 is the set of items to sequence ext@ndvith.

2.4.1 Weak Classifier Selection Initialisation

Prior to running the algorithm, an initial queue needs tofeaied. To this end, we initially
create the following set of patteré™ = {(1),...,(D)}. The errors for all the classifiers
associated with these patterns are given in therggt= {¢'1",....€70 }. We also define
the initial set of elements for itemset expansions{a§™ }2 | whereKi" = {i+1,...,D}.
Finally, we define the initial set for sequence extensiof¥s= {1,...,D}. Using the above,
the initial set queue for selecting the best sequentiaépatireak classifier is given aQ =
{(Tinit_ ginit gnity1b | - Additionally, we set the initial best pattern and error &gast= Tk,
wherek = argmirnk Y and &pest = mMin(Yinit ).

2.5 Sequential Pattern Boosted Classifier

Using the selection step above, the SP-Boost Algorithmas tiven in Algorithm2. The
algorithm is similar to the AdaBoost algorithm, but with arecial difference. The selection
of the weak classifier is performed using Algoritim This is equivalent to an exhaustive
search of possible sequential pattern weak classifierfidooptimal one. The result is a set
of sequential pattern weak classifiers that are extractesddban the boosted weights that
will be linearly combined to form a strong classifier for ag@irclass.

2.6 Constrained Sequential Pattern Classifiers

In order to improve the performance of trained sequentittepa classifiers, we divide an
input sequential pattern into a numb&) (of equal sized segments. Following th&strong
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Algorithm 1 SP Weak Classifier Selection Algorithm
Perform queue initialisation (Secti@.J)
while Q # 0 do
Remove the last item d@ and denote it as the tup(@_,K.,S)
if €7 > &T{Prune Criteria 1c}then
continue;
end if
{Perform sequence extensions first}
if |TL| < Snax then
B={}
fori={1...|T_|} do
Make the extended sequendé=T +s(s_;) {Prune Criteria 2a}
if e(T*s(si))+ > go {Prune Criteria 1ajthen
B=BU{s,}
end if
end for
Make the set of items to sequence extend T wth: S — B
fori={1,...,|C|} do
T =T+s(sj)andC’' ={ceC:c>g}
AppendT’ intoQ: Q=QU(T’,C',C)
if €7 < gpestthen
Toest=T', €pest= "’
end if
end for
end if

{ Now, perform itemset extensions }
Make the set of items to itemset extend T with= K_ — B {Prune Criteria 2b}
B={}
fori={1,...,|D|} do
Do itemset extensiorl, = T Us (k)
if eTUs(ki)t > g . fPrune Criteria 1b}then

B=BuU{s,}
end if
end for
D=D-B

fori={1,...,|D'|} do
T =TuUs(k.),E={deD :d>k}
AppendT’ intoQ: Q= QU (T',C,E)
if €7 " < gpegithen

Toest=T', Epest= €

end if

end for

end while

!

Returnhest, gpoq
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Algorithm 2 SP-Boost Algorithm

Initialise positive example weightsw," € W w" =1/(N*+N")
Initialise negative example weightgw, e W—,w;" =1/(NT+N")
for t=1,....Mdo

Select by = h'ves) using Algorlthml

Obtain the weightr, = %In EbeS‘ for h

Update positive weightsy;" = W+ exp(—aih: (1))

Update negative weightsy, = w; exp(aih (1))

Normalise weightsy N wit + 5N wi =1
end for
Return the strong classifiet(1) = M, aihi(1).

cIassiﬁers{Hg}(g;:1 are trained using Algorithn2, each using a particular segment of the
training sequences. Given a new input sequéndgs first divided intoG equal segments

I’gil. The output of the constrained classi1‘ier52§:1 Hg(l§). We demonstrate in Section

3 that we obtain better results when the number of segmenie@eased.

3 Experiments

This section describes the experiments for evaluating ¢éhnfapnance of the proposed SP-
Boosting algorithm in lip reading. We chose the OuluVS dasabB] to allow for com-
parison against existing state-of-the-art lip readingl@}. The database contains video
sequences of 20 subjects in total (see Figgré=ach subject read 5 repetitions of 10 differ-
ent phrases:excuse me’(ExM), ‘goodbye’(Gb), ‘hello’(Hlo), ‘nice t@s you’(Syu), ‘have
a nice day’(Nc), ‘I'm sorry’(Sry), ‘thank you'(Tk), ‘have good time’(Tm) and ‘your wel-
come’(WI) resulting in 1000 example sequences. The resolution ointlages in all se-
quences is 720x576 captured at 25fps. The aim of the expetsndescribed in this section
is to recognise which of the 10 phrases was spoken.

The visual features selected for the experiments take tine & simple comparative
binary features. These features are similar to LBPs in thmetri» descisions based on rel-
ative intensity differences are used. However, our visaatures also allow us to capture
non-local intensity relations. In order to extract suitabisual features (see Figb), four
points on the mouth of the subjects were first automaticedigked using the linear predic-
tor tracking method€]. Following this, a bounding box aligned with the orientetiof the
mouth is extracted. The mean width and height of the moutméiog box of a subject is
then obtained and this determines the size of the final bogrubx used throughout all the
sequences for a particular subject. A grid of 20x20 poinfeimed in the bounding box.
Next, two random sets of 450 grid point indices are obtainatifaxed for all subjects and
experiments. A binary feature vector is then formed by perfog 450 binary comparisons
of the underlying intensities for the two grid point indexssésee Figuréc). The final fea-
ture vector is obtained by concatenating the original lyirffieature vector with its inverse
feature vector, yielding a 900-dimensional binary feateetor for each frame. All the ex-
ample video sequences were then converted into sequeattalys of length 21, with the
middle of the example sequence being the middle of the asocsequential pattern.
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Figure 1: (a) Examples of the mouths for various subjectien@uluVS database.(b) Vi-
sualisation of the grid of points in the mouth bounding bogdthon four tracked points on
the mouth (large black points). (c) Visualisation of the 1@alpy comparison features used
described in SectioA.
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Figure 2: (a)Average of training error curves of differeattprn lengths (1,3,5,7). (b)Test

data recognition accuracy for classifiers trained withedéht maximum pattern lengths (PL:
1,2,3,5,7) and segment numbers( 1,2,3,5).

3.1 Experimental Setup

The performance of the proposed method is evaluated in @dutgpendent setting using
leave-one-out video cross-validation. For each subjesingle video was used as a test
sequence. The remaining video sequences for this subjectsged as training examples.
For each cross validation fold, a set of one-vs-one classif@® in total) using the proposed
method described in Sectichwas trained. A voting scheme was then used to obtain a
class label for each test sequence. All the classifiers waosted with a maximum of 50
iterations. In order to analyse the roles of different setjaépattern lengths and constraint
segment numbers, we repeated the cross validation expesmath all combinations of
classifiers trained with maximum sequential pattern lengthl,2,3,5 and 7 and segment
numbers of 1,2,3 and 5.

3.2 Experimental Results

It was found that for all one-vs-one classifiers trained, tth@éing errors decreased faster
as the maximum length for the sequential patterns was isetceaExamples of the error
curves for various classifiers trained can be seen in Figarélrhe recognition accuracy of
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ExM | Gb | Hlo | Hw | Nc | Syu | Sry | Tk | Tm | WI
ExM | 83|32 3211211111 11| 21| 00
Gb | 00 |874| 00| 11| 21| 11| 00| 00| 11| 74
Hlo | 00 | 0.0 {832 00| 21 | 42| 21| 63| 0.0 | 21
Hw | 00 | 00| 1.1 |926| 11| 11| 11| 11| 00| 21
Nc 53 121,00 | 11832 32| 11| 32| 00| 11
Syu| 11 (1100|121 11 |716| 1.1 |21.1| 00 | 2.1
Sry | 11} 11]00| 21| 11| 00 |947| 00| 00| 0.0
Tk 32 | 00|32 | 00| 32| 7400|8115 00| 21
Tm | 1.1 | 32| 00| 11| 00| 00| 2.1 | 00 |905| 3.2
wi 00| 32,00|121| 11| 11| 00| 00| 0.0 937

Figure 3: Test data confusion matrix.

the proposed method for different parameter configurattansbe seen in Figuih. Firstly,
we note that as the pattern length increased, the recoguaiticuracy significantly increased
as well. An example would be the recognition rate of 64.3% wéttern length 1 increasing
to a rate of 86.2% when the maximum pattern length was 7. Auaditly, we get another
significant increase in performance when the constrainassifler segment number was
increased to 5 (i.e. input sequence divided into 5 equal satgh For example, when the
maximum pattern length was 5, increasing the segments frimn3 *esulted in the accuracy
increasing from 79% to 86%. However, we also find that aftesd@drgents, the accuracy rate
converged to 86.2%. The highest average test recognitienaas 86.2%. In comparison,
the recognition rate obtained iéi]jwas 70.2%. The confusion matrix for the best performing
classifiers is shown in Figui&

4 Conclusions

This paper proposed a novel machine learning algorithmB8&sting) to tackle the prob-
lem of lipreading by building visual sequence classifieet Hre based on salient sequential
patterns. Since an exhaustive search of optimal sequeaitdrns is not possible due to
the immense search space, a novel efficient tree-based s#rategy with pruning condi-
tions for reducing the required search space was proposedially, the pruning strategies
preserves our ability to locate the optimal sequentialgpatt The search method is then
integrated into the boosting framework resulting in theER#sting algorithm. The learnt
sequential-pattern strong classifiers were applied tediging by performing multi-class
recognition on the OuluVS database. Experimental reshttevghat our method achieves
state of the art recognition performance, using only a salbf sequential patterns.

A Proof of Lemma 2.3

For the first case, l€l,w) € #P+sT and thuP+sT Cs|. From Lemma2.1, this means that
P Csl and thug(l,w) € #P. Thus,.#P+sT ¢ .#P. For the second case, lgtw) ¢ .7PVsR,
From LemmaR.2, this means tha® Cs1 and thugl,w) € .#". Thus,#PUsR ¢ 7P,
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B Proofof Lemma?2.4

LetW" =5 1+ wijes+ W It can be seen that' " =W —yw" V(I,w) € #T*. Thus,
from Lemmaz2.3, since.# T+sP+ ¢ #T+ and #TURt < #T+ thene™ < g(T+P)1+ and
g7+ < glTUsR+ Next, it can be seen thal ~ = yw~,V(I,w) € .#T~. From Lemma2.3,
we haves TP~ c #T— and.# TR~ c 7T thuse™™ > e(T+sP)— andeT— > (TUsR—,
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