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Dynamic Texture Recognition Using Local Binary
Patterns with an Application to Facial Expressions
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Abstract— Dynamic texture is an extension of texture to the analysis [6], combining the motion and appearance. Theutext
temporal domain. Description and recognition of dynamic t- features extracted in a small local neighborhood of the melu
tures have attracted growing attention. In this paper, a noel  gre not only insensitive with respect to translation andtion,

approach for recognizing dynamic textures is proposed andts v 4150 robust with respect to monotonic gray-scale change
simpli cations and extensions to facial image analysis arealso

considered. First, the textures are modeled with volume I Caused, for example, by illumination variations. To make th
binary patterns (VLBP), which are an extension of the LBP VLBP computationally simple and easy to extend, only the co-
operator widely used in ordinary texture analysis, combinhg occurrences on three separated planes are then considéred.
motion and appearance. To make the approach computationall textures are modeled with concatenated Local Binary Pattisr

simple and easy to extend, only the co-occurrences on threetograms from Three Orthogonal Planes (LBP-TOP). The aircul
orthogonal planes (LBP-TOP) are then considered. A block-bsed  hgighporhoods are generalized to elliptical sampling tothe
method is also proposed to deal with speci ¢ dynamic eventsuch space-time statistics.

as facial expressions, in which local information and its satial ; .
locations should also be taken into account. In experimentwith As our approach involves only local processing, we are altbw
two dynamic texture databases, DynTex and MIT, both the VLBP 10 take a more general view of dynamic texture recognition,
and LBP-TOP clearly outperformed the earlier approaches. The extending it to speci ¢ dynamic events such as facial exgimess.
proposed block-based method was evaluated with the Cohn- A block-based approach combining pixel-level, regioreleand
Kanade facial expression database with excellent resultsAd-  yqjume-level features is proposed for dealing with such-non
vantages of our approach include local processing, robusess to traditional dynamic textures in which local informationdarts
monotonic gray-scale changes and simple computation. . 4 . .
spatial locations should also be taken into account. Thi wi

Index Terms—temporal texture, motion, facial image analysis, make our approach a highly valuable tool for many potential

facial expression, local binary pattem computer vision applications. For example, the human faagsp
a signi cant role in verbal and non-verbal communicatiomlly
|. INTRODUCTION automatic and real-time facial expression recognitionlctond
YNAMIC or temporal textures are textures with motion [1].many applications, for instance, in human-computer iutéa,
They encompass the class of video sequences that exhiliiimetrics, telecommunications and psychological reteaviost
some stationary properties in time [2]. There are lots ofagic  of the research on facial expression recognition has besgdben
textures (DT) in the real world, including sea-waves, smokstatic images [7], [8], [9], [10], [11], [12], [13]. Some rearch
foliage, re, shower and whirlwind. Description and recitgpn on using facial dynamics has also been carried out [14],,[15]
of DT are needed, for example, in video retrieval systemsghvh [16]; however, reliable segmentation of lips and other mgvi
have attracted growing attention. Because of their unkngpatial facial parts in natural environments has proved to be a major
and temporal extent, the recognition of DT is a challengingroblem. Our approach is completely different, avoidingoer
problem compared with the static case [3]. Polana and Nelsprone segmentation.
classi ed visual motion into activities, motion events atyghamic
textures [4]. Recently, a brief survey of DT description and I
recognition was given by Chetverikov and Péteri [5].

Key issues concerning dynamic texture recognition include Chetverikov and Péteri [5] placed the existing approaabfes
1) combining motion features with appearance features,r@) ptemporal texture recognition into ve classes: methodsebas
cessing locally to catch the transition information in spamd ©On optic ow, methods computing geometric properties in the
time, for example the passage of burning re changing griijlua spatiotemporal domain, methods based on local spatiotethpo
from a spark to a large re, 3) dening features which areltering, methods using global spatiotemporal transforesd,
robust against image transformations such as rotationpsgni  nally, model-based methods that use estimated model petens
sitivity to illumination variations, 5) computational spiicity, as features.
and 6) multi-resolution analysis. To our knowledge, no mes ~ The methods based on optic ow [3], [4], [17], [18], [19],
method satis es all these requirements. To address theseds [20], [21], [22], [23], [24] are currently the most populan&s
we propose a novel, theoretically and computationally &mp[5], because optic ow estimation is a computationally eéat
approach based on local binary patterns. First, the textare and natural way to characterize the local dynamics of a teahpo
modeled with volume local binary patterns (VLBP), which aréexture. Péteri and Chetverikov [3] proposed a method ¢bai-
an extension of the LBP operator widely used in ordinaryuext bines normal ow features with periodicity features, in ateanpt

. _ . to explicitly characterize motion magnitude, directiatyaland

.I'Y'}f:“;S{;]‘grge‘;?g’e\?vit‘]h“”tﬁel'l\iggﬁ;n;ev\'fslsei%no‘é‘:&%’4'lnzfg?féh oang  Periodicity. Their features are rotation-invariant, ame: results
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multi-resolution histograms based on velocity and acedilen well justi ed. Varying lighting conditions greatly affedhe gray

elds [21]. Velocity and acceleration elds of different ap scale properties of dynamic texture. At the same time, tkteites

tiotemporal resolution image sequences were accuratéiyaed may also be arbitrarily oriented, which suggests usingtimia

by the structure tensor method. This method is also rotatiomvariant features. It is important, therefore, to de neatigres

invariant and provides local directionality informatioRazekas which are robust with respect to gray scale changes, rostio

and Chetverikov compared normal ow features and reguéatiz and translation. In this paper, we propose the use of voluta |

complete ow features in dynamic texture classication [25 binary patterns (VLBP, which could also be called 3D-LBP) to

They concluded that normal ow contains information on botladdress these problems [32].

dynamics and shape.

Saisanet al. [26] applied a dynamic texture model [1] toA. Basic VLBP

the recognmc_m of 50 different tempo_ral textures. Despihies To extend LBP to DT analysis, we de ne dynamic textdn

success, their method assumed stationary DTs that are wel|- . .

seamented in space and time. and the accuracy drops di stica ocal neighborhood of a monochrome dynamic texture semguen

seg pace ’ racy arops olgsticay o joint distributiorv of the gray levels of8SP + 3(P > 1)

if they are not. Fujita and Nayar [27] modi ed the approach - . . . .
L ) . image pixelsP is the number of local neighboring points around

[26] by using impulse responses of state variables to ifjenti L

; L tpe central pixel in one frame.

model and texture. Their approach showed less sensitiaity

non-stationarity. However, the problem of heavy compateii V= V(G Lc: O Lo G LP 15 Oteics Ote:0s @

load and the issues of scalability and invariance remaim.ope 7Ot 15 Ote+ L0 5Otc+LP 15 Ote+ Lic):

Fablet and Bouthemy mtroducgd temporal co-occurrence}, [1Qhere the gray valuey,.c corresponds to the gray value of

[20] that measures the probab|I|ty. Qf co-occurrence in YIBS ha center pixel of the local volume neighborhoagl, .. and

image location of twp normal velqcmes (normal ow magrdts) g+ Lc correspond to the gray value of the center pixel in the

separated by certain temporal intervals. Recently, Sreittal. previous and posterior neighboring frames with time iraéty;

dealt with _video texture indexing using spatiotempor_al w_ats p (= tc Liteite+L;p=0; ;P 1)correspond to the gray
[28]. Spatiotemporal wavelets can dgcompose motion |_ne) tDalues ofp equally spaced pixels on a circle of radiR¢R > 0)
local and global, according to the desired degree of detail. imaget, which form a circularly symmetric neighbor set.

Otsuka et al. [29] assumed that DTs can be represented gypnose the coordinates @ .c are (xc;yc;tc), the co-

by moving contours whose motion trajectories can be trackeglginates of g » are given by (xc + Rcos(2p=P );yc
They considered trajectory surfaces within 3D spatiotedpo g gin(2 p=p );tc)', and the coordinates @, ,, are given by
volume data, and extracted temporal and spatial featurssdbaiy . + R cos(2p=P );yc R sin(2 p=P ): tc ¢ L)’. The values of

on the tangent plane distribution. The spatial featureludecthe e neighbors that do not fall exactly on pixels are estiohdte
directionality of contour arrangement and the scatterfrgpatour  jjinear interpolation.

placement. The temporal features characterize the untiprof To get gray-scale invariance, the distribution is threskdl
velocity components, the ash motpn ratio and the occlusatio.  gjmilar to [6]. The gray value of the volume center pixel, .c)
These features were used to classify four DTs. Zhong andeBoar s gyptracted from the gray values of the circularly symioetr
[30] modied [29] and used 3D edges in the spatlotemporq,{eighborhoo(bt;p (t=te Liteite+L;p=0; ;P 1), giving:
domain. Their DT features were computed for voxels taking in

account the spatiotemporal gradient. V= V(G Le  Gteics G Lo Gtecr

It appears that nearly all of the research on dynamic texture G LP 1 Gtcics Oteics Gte;0 Gteies 5 @)
recognition has considered textures to be more or less ‘emo Otc;p 1 Oteser Ge+ ;0 Gteser s
neous', i.e., the spatial locations of image regions aretaken Ge+LiP 1 Oteicr Gterlic Gterc):

into account. The dynamic textures are usually describel wi Then we assume that differences,  gr..c are independent
global features computed over the whole image, which greawf g_., which allow us to factorize (2):

limits the applicability of dynamic texture recognition.sidg

only global features for face or facial expression recagnjtior ¢ V(Gie)V(G L Gteei Qo Lo Geer

example, would not be effective since much of the discririea G LP 1 Oteics G0 Gtees SOteP 1 Gtercs

information in facial images is local, such as mouth movetsien 9e+L:0 Gtees 10+l 1 Oteies Otorlic  Oteic):

In their recent work, Aggarwakt al. [31] adopted the Auto- In practice, exact independence is not warranted; henee, th

Regressive and Moving Average (ARMA) framework of Dorettdactorized distribution is only an approximation of the njpi

et al. [2] for video-based face recognition, demonstrating thalistribution. However, we are willing to accept a possihieaf

temporal information contained in facial dynamics is ukdéfu loss of information as it allows us to achieve invariancehwit

face recognition. In this approach, the use of facial appea respect to shifts in gray scale. Thus, similar to LBP in oadyn

information is very limited. We are not aware of any dynamitexture analysis [6], the distribution(g:..c) describes the overall

texture based approaches to facial expression recogiit]pf8], luminance of the image, which is unrelated to the local image

[9]. texture and, consequently, does not provide useful infooma
for dynamic texture analysis. Hence, much of the infornmaiio

I1l. VOLUME LOCAL BINARY PATTERNS the original joint gray level distribution (1) is conveyeq kthe

The main difference between dynamic texture (DT) and ordf-)im difference distribution:

nary texture is that the notion of self-similarity, centtalcon-  V; = v(g, ¢ Otcici O, L0 Ot
ventional image texture, is extended to the spatiotemmimadain O, LP 1 GOtec: 00 Oteies 0P 1 Oterc
[5]. Therefore combining motion and appearance to analyzésD Ot,+L:0 Otecs  O+LP 1 Oteics Ote+Lic  Otec):
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This is a highly discriminative texture operator. It recorthe

occurrences of various patterns in the neighborhood of pat Vo= v(s(g%, Lc Gl

ina(2(P +1)+ P =3P +2)-dimensional histogram. (9t Lo Gtee)i  :S(G% LP 1 Gl
We achieve invariance with respect to the scaling of the gray [5(9;0  Gtee):  iS(Geip 1 Gteic)ls

scale by considering simply the signs of the differenceseat [s(gt.+L;0 Oteic)s  iS(Gte+LP 1 Gtesc)ls

of their exact values: [5(3tc+ e Gteic))):

Then we mark those a%yec ; Vpren ; VeurN ; VposN 5 Vposc in
order, andVpren ; Veurn : Vposn  represent the LBP code in the
previous, current and posterior frames, respectivelyleWirec
andVpesc represent the binary values of the center pixels in the
previous and posterior frames.

Vo= v(s(O, Lc Oteic)iS(Gt, Lo Oic)s
S(Gt, LP 1 Oteic)iS(Gte;0  Gtec)s ; @)
S(Ot:;p 1 Oteic)iS(Gtc+L;0 Oteic)s
S(Gt+LPp 1 Oteic)iS(Gte+Lic Oterc)):

wheres(x) = Lx 0, X1
0x< 0 LBP tpr = S(gtp  Gteie)2™it=tc Liteite+ L (5)

To simplify the expression ofV,, we use V, = p=0
v(Vo; ;Vq; ;Vsp+1), and g corresponds to the index of Using formula (5), we can gatBP . _.pr , LBP pr and

values inV, orderly. By assigning a binomial facta?® for LBP .+ PR -
each signs(gtp  Gtcc), We transform Eq. (3) into a unique 14 yemove the effect of rotation, we use:
VLBP .p.r number that characterizes the spatial structure of

the local volume dynamic texture: - . 3p +1
VLBP'p.z = minf(VLBP pr and 2 )

3R+ +ROL (ROR(LBP (4 Lpg ;i); 2P +1)
VLBPLpr = vg2: (4) +ROL (ROR(LBP {, p.g ;i);P +1) (6)
q=0 +ROL(ROR(LBP . L.pg ;i);1)

. . +(VLBP .p: d 1)ji =0;1; P 1
Fig. 1 shows the whole computing procedure YokBP 1.4:1. ( LpR and ) g

We begin by sampling neighboring points in the volume, arahth whereROR (x;i) performs a circular bit-wise right shift on ttre-
thresholding every point in the neighborhood with the vaifithe  bit numberx i times [6], andROL (y;j) performs a bit-wise left
center pixel to get a binary value. Finally we produce the YLBshift on the3P +2-bit numbery j times. In terms of image pixels,
code by multiplying the thresholded binary values with virsg formula (6) simply corresponds to rotating the neighbor iset
given to the corresponding pixel and we sum up the result. three separate frames clockwise and this happens synalsigno
Let us assume we are given & Y T dynamic texture SO thata minimal value is selected as the VLBP rotation iavér
(xc2f0; ;X 1gyc2f0; ;Y 1gtc2f0; ;T 1g). code.
In calculatingV LBP .pz distribution for this DT, the central For  example, for the original VLBP  code
part is only considered because a suf ciently large neighbod (1;1010,110% 1100 1),, its codes after rotating clockwise
cannot be used on the borders in this 3D space. The basic VLB® 180, 270 degrees are (1;0101 1110 0110 1)2,
code is calculated for each pixel in the cropped portion @f t{1;1010 0111 0011 1), and (1;0101, 1012, 100%; 1)
DT, and the distribution of the codes is used as a featureorectespectively. Their rotation invariant code should be
denoted byD: (1;0101; 1011, 100%; 1), and not (00111010110111) as
obtained by using the VLBP as a whole.
d Reg; In [6], Ojala et al. found that the vast majority of the LBP
d Leg: patterns in a local neighborhood are so called "uniformepatt’.
A pattern is considered uniform if it contains at most twonlise
The histograms are normalized with respect to volume sig@nsitions from 0 to 1 or vice versa when the bit pattern is
variations by setting the sum of their bins to unity. considered circular. When using uniform patterns, all noiform
Because the dynamic texture is viewed as sets of volumes amBP patterns are stored in a single bin in the histogram cempu
their features are extracted on the basis of those volunterntex tation. This makes the length of the feature vector muchtshor
VLBP combines the motion and appearance to describe dynaraifd allows us to de ne a simple version of rotation invariant
textures. LBP [6]. In the remaining sections, the superscript2 will be
used to denote these features, while the supersoépieans
that the uniform patterns without rotation invariance asedi
B. Rotation Invariant VLBP For example,V LBP {'4.2 denotes rotation invariar¥ LBP 12.1

. o . based on uniform patterns.
Dynamic textures may also be arbitrarily oriented, so they

also often rotate in the videos. The most important diffeeen
between rotation in a still texture image and DT is that thelh
sequence of DT rotates around one axis or multi-axes (if the
camera rotates during capturing), while the still textuntates In the proposed VLBP, the parametrdetermines the number
around one point. We cannot, therefore, deal with VLBP asd features. A large® produces a long histogram, while a small
whole to get rotation invariant code as in [6], which assumdel makes the feature vector shorter, but also means losing more
rotation around the center pixel in the static case. We igidé information. When the number of neighboring points incesas
the whole VLBP code from (3) into 5 parts: the number of patterns for basic VLBP will become very large,

D = v(VLBPLpRr (X;y;t));x 2 fd Re; X
T

1
y 2 fd Re; ;Y 1 dReg;t2fdLe; ; 1

IV. LocAL BINARY PATTERNS FROMTHREE ORTHOGONAL
PLANES
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Fig. 1. Procedure o¥/ LBP 1.4:1 .

2%P*2  as shown in Fig. 2. Due to this rapid increase, itis difcull ., {5

to extend VLBP to have a large number of neighboring point*g 10
and this limits its applicability. At the same time, when titee
interval L > 1, the neighboring frames with a time variance les
thanL will be omitted.

To address these problems, we propose simpli ed descsptc
by concatenating local binary patterns on three orthogplaales
(LBP-TOP): XY, XT and YT, considering only the co-occurrenc 5 3 A 0 19 14 6
statistics in these three directions (shown in Fig. 3). Ugua P: Murnber of Meighbaring Points
video sequence is thought of as a stack of XY planes in axis 1,
but it is easy to ignore that a video sequence can also be segN2. The number of features versus the number of LBP codes.
as a stack of XT planes in axis Y and YT planes in axis X,
respectively. The XT and YT planes provide information abou
the space-time transitions. With this approach, the nurabbins make the feature vector too long. LBP-TOP considers thaifeat
is only 3 27, much smaller tha@®" *2 | as shown in Fig. 2, which distributions from each separate plane and then concatetizm
makes the extension to many neighboring points easier auwd abgether, making the feature vector much shorter when thebeu
reduces the computational complexity. of neighboring points increases.

There are two main differences between VLBP and LBP-TOP.To simplify the VLBP for DT analysis and to keep the
Firstly, the VLBP uses three parallel planes, of which orilg t number of bins reasonable when the number of neighboring
middle one contains the center pixel. The LBP-TOP, on thmoints increases, the proposed technigue uses three dastan
other hand, uses three orthogonal planes which intersetttein of co-occurrence statistics obtained independently frémee
center pixel. Secondly, VLBP considers the co-occurrerafes orthogonal planes [33], as shown in Fig. 3. Because we do not
all neighboring points from three parallel frames, whichdeto know the motion direction of textures, we also consider the

—#— Concatenated LBP
w —a—4LBP

Y

Length of Featur
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Fig. 6. Different radii and number of neighboring points tnee planes.
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(G ) ©]

Fig. 4. (a) Image in XY plan¢400 300) (b) Image in XT plang400 250)

iny =120 (last row is pixels ofy = 120 in rst image) (c) Image in TY Fig. 7. Detailed sampling for Fig. 6. witRx = Ry =3,Rt =1,Pxy =
plane(250 300) in x =120 (rst column is the pixels ofx = 120 in rst  16;Pxt = Pyt =8. (a) XY plane; (b) XT plane; (c) YT plane.
frame).

neighboring points in a circle, and not only in a direct linéPace axis is not reasonable for dynamic textures. Forriosta
for central points in time. Compared with VLBP, not all thor @ DT with an image resolution of over 300 by 300, and a
volume information, but only the features from three plages frame rate of less than 12, in a neighboring area with a radius
applied. Fig. 4 demonstrates example images from threegjan()f 8 pixels in the X axis and Y axis the texture might still keep
(a) shows the image in the XY plane, (b) in the XT plane whicl{s appearance; however, within the same temporal interival
gave the visual impression of one row changing in time, whil@e T axis, the texture changes drastically, especiallyhse
(c) describes the motion of one column in temporal space. TRgS with high image resolution and a low frame rate. So we
LBP code is extracted from the XY, XT and YT planes, whicthave different radius parameters in space and time to seheln
are denoted a¥XY LBP,XT LBP andYT LBP,for XT and YT planes, different radii can be assigned to sample
all pixels, and statistics of three different planes areawietd, neighboring points in space and time. With this approach the
and then concatenated into a single histogram. The proeddur traditional circular sampling is extended to ellipticahgaling.
demonstrated in Fig. 5. In such a representation, DT is exttbgl More generally, the radii in axes X, Y and T, and the number
theXY LBP ,XT LBP andYT LBP ,whilethe appearance of neighboring points in the XY, XT and YT planes can also be
and motion in three directions of DT are considered, incatiog different, which can be marked &y , Ry andRt, Pxy , PxT
spatial domain informationXY LBP ) and two spatial temporal andPy 1, as shown in Fig. 6 and Fig. 7. The corresponding feature
co-occurrence statisticX{ LBP andYT LBP). is denoted adBP  TOPp,, :p,; :Pyr :Rx Ry Ry - SUPPOSE
Setting the radius in the time axis to be equal to the raditiseén the coordinates of the center pixet..c are (xc;ye;tc), the
coordinates ofxy;, are given by(xc Rx sin(2 p=P xy );yc+
. Ry cos(2p=P XY )ite), the coordinates ofgxr,, are given
Idx by (xc Rx sin(2 p=Pxt );ycite Rt cos(2p=P xr)), and

z the coordinates ofgytp (Xciye Ry cos(2p=PvyT);tc

Rt sin(2 p=Pvy7)). This is different from the ordinary LBP
L =) widely used in many papers, and it extends the de nition oPLB
.|i..LLl Mo il .|l..‘|i|L| J..a.J.lu i

Let us assume we are given&n Y T dynamic texturéxc 2
fo; ;X 1g;yc 2 10, ;Y 1g;te 2 f0; ;T 1g). In
calculatingLBP  TOPp,, :py :Pys Ry Ry :R; distribution for
this DT, the central part is only considered because a seriity

Fig. 5. (a) Three planes in dynamic texture (b) LBP histogfaom each large neighborhood cannot be used on the borders in this 3D
plane (c) Concatenated feature histogram. space.

[ e |
YT

(=) L] (c]
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A histogram of the DT can be de ned as
P
Hij = xye I fi6ys) =10 5
i=0; N Lj=01L2 )
in which n; is the number of different labels produced by the
LBP operator in thgth plane { =0: XY; 1:XT and 2:YT),
fi(x;y;t) expresses the LBP code of central pixely;t) in the
1if Ais true ;
0;if A is false:
When the DTs to be compared are of different spatial and
temporal sizes, the histograms must be normalized to get a

coherent description: Fig. 8. (a) non-overlapping block® ( 8) (b) overlapping blocks4 3,
overlap size = 10).
(8)

jth plane, and fAg=

and disgust, for example [14], [15], [16]. Yeas#h al. [14] used

In this histogram, a description of DT is effectively obtadih - X
based on LBP from three different planes. The labels from tﬁ%e horizontal and vertical components of the ow as featuf

L . . the frame level, the k-NN rule was used to derive a charatieri
XY plane contain information about the appearance, and én t

labels from the XT and YT planes co-occurrence statistics P(?mporgl 5|gnatqre for every video sequence. At the Se@uenc
o . . o - evel, discrete Hidden Markov Models (HMMs) were trained to
motion in horizontal and vertical directions are includdthese

three histograms are concatenated to build a global déiseripf recqgnize the_ temporgl signatures associated Wi.th _eac_l’n_leaf t
DT with the spatial and temporal features. ba@c_expressmns. This a_lpproach cannot deal with |Ilum_1na
variations, however. Aleksic and Katsaggelos [15] proddseial

animation parameters as features describing facial esipres
and utilized multi-stream HMMs for recognition. The system

Local texture descriptors have gained increasing attenitio is complex, making it dif cult to perform in real-time. Cohe
facial image analysis due to their robustness to challesgels as et al. [16] introduced a Tree-Augmented-Naive Bayes classi er
pose and illumination changes. Recently, Ahoreal.proposed a for recognition. However, they only experimented on a set of
novel facial representation for face recognition fromistathages ve people, and the accuracy was only around 65% for person-
based on LBP features [34], [35]. In this approach, the fadedependent evaluation.
image is divided into several regions (blocks) from whicé HBP Considering the motion of the facial region, we proposeaegi
features are extracted and concatenated into an enharetedefe concatenated descriptors on the basis of the algorithm dtidse
vector. This approach is proving to be a growing successadt 4 for facial expression recognition. An LBP description garied
been adopted and further developed by many research grangbs, over the whole facial expression sequence encodes onlyahe o
has been successfully used for face recognition, facetitmteand currences of the micro-patterns without any indicationutlbeir
facial expression recognition [35]. All of these have applLBP- locations. To overcome this effect, a representation inctvithe
based descriptors only for static images, i.e. they do nbteit face image is divided into several non-overlapping or @amying
temporal information as proposed in this paper. blocks is introduced. Fig. 8 (a) depicts non-overlappthg 8

In this section, a block-based approach for combining pixeblocks and Fig. 8 (b) overlapping 3 blocks with an overlap of
level, region-level and temporal information is proposEdcial 10 pixels, respectively. The LBP-TOP histograms in eacltlblo
expression recognition is used as a case study, but a simdae computed and concatenated into a single histogram,gas Fi
approach could be used for recognizing other specic dywam® shows. All features extracted from each block volume are
events such as faces from video, for example. The goal oéifactonnected to represent the appearance and motion of the faci
expression recognition is to determine the emotional sihithe expression sequence, as shown in Fig. 10.
face, for example, happiness, sadness, surprise, neatrgér, In this way, we effectively have a description of the facial
fear, and disgust, regardless of the identity of the face. expression on three different levels of locality. The lal@ins) in

Most of the proposed methods use a mug shot of each expr® histogram contain information from three orthogonangls,
sion that captures the characteristic image at the apex [L0], describing appearance and temporal information at thel pixe
[12], [13]. However, according to psychologists [36], aizahg a level. The labels are summed over a small block to produce
sequence of images produces more accurate and robust irecogformation on a regional level expressing the charadtesis
tion of facial expressions. Psychological studies havegssigd for the appearance and motion in specic locations, and all
that facial motion is fundamental to the recognition of &ci information from the regional level is concatenated to dbial
expressions. Experiments conducted by Bassili [36] detrates global description of the face and expression motion.
that humans are better at recognizing expressions fromnaigna Ojala et al. noticed in their experiments with texture images
images as opposed to mug shots. For using dynamic informatiat uniform patterns account for slightly less than 90% of
to analyze facial expression, several systems attemptognize all patterns when using the (8,1) neighborhood and for atoun
ne-grained changes in the facial expression. These arechas 70% in the (16,2) neighborhood [6]. In our experiments, for
the Facial Action Coding System (FACS) developed by Ekmdristograms from the two temporal planes, the uniform paster
and Friesen [37] for describing facial expressions by actinits account for slightly less than those from the spatial pldne,
(AUs). Some papers attempt to recognize a small set of gywtot also follow the rule that most of the patterns are uniform. So
ical emotional expressions, i.e. joy, surprise, angemeassl fear, the following is the notation for the LBP operatotBP

V. LoCAL DESCRIPTORS FORFACIAL IMAGE ANALYSIS
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Fig. 9. Features in each block volume. (a) Block volumes;L®F features from three orthogonal planes; (c) Concatenfatures for one block volume
with the appearance and motion
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Farial expression featares fiom the wihole sequence

Fig. 10. Facial expression representation.
u2 . . .
TOPpy, -pyr Pyr Rx Ry Ry IS Used. The subscript representbased on the nearest class. If one DT includesamples, we

using the operator in &Pxy ;Pxt ;Pvy1;Rx ;Ry;Rt) neigh- separate all DT samples int@m groups, evaluate performance
borhood. Superscript2 stands for using only uniform patternsby letting each sample group be unknown and train on the

and labeling all remaining patterns with a single label. remainingm 1 samples groups. The mean VLBP features or
LBP-TOP features of all then 1 samples are computed as the
VI. EXPERIMENTS feature for the class. The omitted sample is classi ed of egr

The new large dynamic texture database DynTex was usdgFording FO its difference with respect to the class usirgkt
to evaluate the performance of our DT recognition method@?’larelSt nglghtk_aor %etzqd_:l_l) .'t betw | el
Additional experiments with the widely used MIT dataset, [l]f n ca3_5| C%'O_n’ 1€ dissimi ac;' y be ﬁer: aslimlphe anl_ . _0
[3] were also carried out. In facial expression recognititme eature distribgtion Is measured using the log-likel Istic:

. _ B : :
proposed algorithms were evaluated on the Cohn-KanadelFaki(S:M) = b= Sol0gMp, whereB is the number of b||_1.s.
Expression Database [9]. andSy, andM, correspond to the sample and model probabilities

at binb, respectively. Other dissimilarity measures like histmgr
N intersection or Chi square distance could also be used.

A. DT recognition When the DT is described in the XY, XT and YT planes, it
1) Measures can be expected that some of the planes contain more useful
After obtaining the local features on the basis oinformation than others in terms of distinguishing betw&eFs.

different parameters ofL, P and R for VLBP, or To take advantage of this, a weight can be set for each plane

Pxy ;PxT ;PyT;Rx;Ry;Rt for LBP-TOP, a leave-one- based on the importance of the information it contains. The

group-out classi cation test was carried out for DT recdigmi  weighted log-likelihood statistic is de ned as:w(S;M) =
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(@) ®

Fig. 13. Histograms of dynamic textures. (a) Histograms midown tide
with 10 samples foiV LBP 2"% 2. (b) Histograms of four classes each with

10 samples fol LBP 14 2.

Fig. 11. DynTex database.

] ) 12 (b) shows some segmentation examples in space. We can see
¢ g .- .- '” _that this sampling method increases the challenge of réomgn
in a large database.
® 4) Results of VLBP

Fig. 12. (a) Segmentation of DT sequence. (b) Examples ahsatation Fig. 13 (a) shows the histograms of 10 samples of a dynamic

in space. texture using/ LBP 4'%.2. We can see that for different samples of
the same class, their VLBP codes are very similar to eaclr,othe
even if they are different in spatial and temporal variatibig.

ij (WjSji logMj;i ), in whichw; is the weight of plang. 13 (b) depicts histograms of 4 classes each with 10 samples as

2) Multi-resolution analysis in Fig. 12 (a). We can clearly see that the VLBP features have

By altering L, P and R for good similarity within classes and good discriminationviesgn
VLBP, Pxy ;Pxt;PyT1;Rx;Ry;Ry for LBP-TOP, we classes.
can realize operators for any quantization of the time water  Table 1 presents the overall classi cation rates. The sielec
the angular space and spatial resolution. Multi-resafuticof optimal parameters is always a problem. Most approaches
analysis can be accomplished by combining the informatiqget locally optimal parameters by experiments or expedenc
provided by multiple operators of varyingL;P;R) and According to our earlier studies on LBP, e.g. [6,10,34,36F
(Pxy ;PxT ;PyT:Rx;Ry;RT). best radii are usually not bigger than 3, and the number of

The most accurate information would be obtained by usingighboring point§P) is 2" (n =1;2;3; ). In our proposed
the joint distribution of these codes [6]. However, such s diVLBP, when the number of neighboring points increases, the
tribution would be overwhelmingly sparse with any reasd@mabnumber of patterns for basic VLBP will become very large:
size of image and sequence. For example, the joint disimibut 237 *2 | Due to this rapid increase the feature vector will soon
of VLBP {4.4, VLBP 4. andV LBP . would contain16 become too long to handle. Therefore only the resultsPfer 2
16 28 = 7168 bins. So, only the marginal distributions ofand P = 4 are given in Table 1. Using all 16384 bins of the
the different operators are considered, even though thist&tal basicV LBP 2.4.1 provides a 94.00% rate, whilLBP 5.4.1 with
independence of the outputs of the different VLBP operators u2 gives a good result of 93.71% using only 185 bins. When
simpli ed concatenated bins from three planes at a centvalp using rotation invariany LBP ;',.1(4176 bins), we get a result of
cannot be warranted. 95.71%. With more complex features or multi-resolutionlgsia,

In our study, we perform straightforward multi-resolutiorbetter results couId be expected. For example, the muthigon
analysis by de ning the aggregate dissimilarity as the sum deaturesvV LBP22 {+2:4:1 Obtain a good rate of 90.00%, better
individual dissimilarity between the different operatasa the than the results from the respective featuvasaPz”;‘é;%(83.43%)
basis q;the additivity property of the log-likelihood s&iic [6]:  andV LBPz”‘ﬁ (85.14%). However, when using multi-resolution
Ln = po |-(Sn M "), whereN is the number of operators analysis for basic patterns, the results are not improvadiyp
ands" andM " correspond to the sample and model histograntecause the feature vectors are too long.
extracted with operaton(n =1;2; ;N). It can be seen that the basic VLBP performs very well, but it

3) Experimental setup does not allow the use of many neighboring poiRtsA higher

The DynTex dataset (http://www.cwi.nl/projects/dyn)eid a value for P is shown to provide better results. With uniform
large and varied database of dynamic textures. Fig. 11 shopegtterns, the feature vector length can be reduced withaighm
example DTs from this dataset. The image sizéde 300. loss in performance. Rotation invariant features perfotmoat

In the experiments on the DynTex database, each sequence agmw/ell as the basic VLBP for these textures. They furtheuced
divided into 8 non-overlapping subsets, but not halkiry andT. the feature vector length and can handle the recognitionTaf D
The segmentation position in volume was selected randdroly. after rotation.
example in Fig. 12, we select the transverse plane with170, 5) Results for LBP-TOP
the lengthways plane with = 130, and in the time direction with  Table 2 presents the overall classi cation rates for LBPPTO
t = 100. These eight samples do not overlap each other, and thEye rst three columns give the results using only one histoy
have different spatial and temporal information. Sequengith from the corresponding plane; they are much lower than those
the original size but only cut in the time direction are alsduded from direct concatenation (fourth column) and weighed mess
in the experiments. So we can get 10 samples of each class aftd column). Moreover, the weighted measures of three- his
all samples are different in image size and sequence length f tograms achieved better results than direct concatenb&oause
each other. Fig. 12 (a) demonstrates the segmentation, ignd Ehey consider the different contributions of features. Whsing
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TABLE |
RESULTS(%) IN DYNTEX DATASET (SUPERSCRIPTIU 2 MEANS ROTATION INVARIANT UNIFORM PATTERNS, U2 IS THE UNIFORM PATTERNS WITHOUT
ROTATION INVARIANCE, AND ri REPRESENTS THE ROTATION INVARIANT PATTERNSTHE NUMBERS INSIDE THE PARENTHESES DEMONSTRATE THE
LENGTH OF CORRESPONDING FEATURE VECTORS

VLBP121 | VLBP 221 VLBP1.41 VLBP 241
Basic | 91.71 (256)| 91.43 (256) 94.00 (16384)| 94.00 (16384)
u2 87.71 (59) | 90.00 (59) 93.43 (185) | 93.71 (185)
ri 89.43 (144)| 90.57 (144) 93.14 (4176) | 95.71 (4176)
riu 2 83.43 (10) | 83.43 (10) 88.57 (16) 85.14 (16)
multi- VLBP $%.9,5 4.1 : 90:.00 VLBP}%.9,1 2.1 : 86:00
resolution | (VLBP 1% : 8343, VLBP }4.2 : 85:14) | (VLBP{4.2 : 8343 VLBP 142 : 8343)

TABLE Il
RESULTS(%) IN DYNTEX DATASET (VALUES IN SQUARE BRACKET ARE
WEIGHTS ASSIGNED FOR THREE SETS OEBP BINS).

.. w1

BP TOP XY XT YT Con Welghted (a) Steam ) s@m}mm.d () Watg]gs

L

8;8;8;1;1;1u2 92.86 | 88.86 | 89.43 | 94.57 | 96.29[4,1,1

2,221, 1, 1Basic | 70.86 | 60.86 | 78.00 | 88.86 | 90.86[3,1,4 Fig. 14. Examples of misclassi ed sequences.

4; 4, 4;1;1;1Basic 94.00 | 86.29 | 91.71 | 93.71 | 94.29[6,1,5

8; 8;8;1;1; 1Basic 95.14 | 90.86 | 90.00 | 95.43 | 97.14[5,2,1

8; 8; 8; 3; 3; 3Basic 90.00 | 91.17 | 94.86 | 95.71 | 96.57[1,2,5 . .

8883 3 1Basic | 80.71 | 91.14 | 9257 | 9457 | 95.14[1.2.3 LBP-TOP feature vector is only 12, achieving 90.86% acaourac

For P = 4, the long VLBP feature vector (16384) provides an
accuracy of 94.00%, while the LBP-TOP achieves 94.29% with a
feature vector of 48 elements. This clearly demonstratasttie
only theLBP  TOPggg:1,1;1, We get good results of 97.14% gp 10op is a more effective representation for dynamicues.
with the weight [5,2,1] for .the three h'StOgra.m_S' Because th There were two kinds of commonly occuring misclassi cason
frame rate or the resolution in the temporal axis in the Dyrise One of these is the different sequences of similar classes. F
high enough for using the same radius, it can be seen froneTaQ!(ample the two steam sequences (Fig. 14(a)) and two parts
2 that results from a smaller radiu_s in the time axis T (the la?l’opLeft,and TopRight in the blocks) of the steam context in
row) are as good as the same radl.us. to the other two pIanes.FigS_ 14(b) were discriminated into the same class. Agtutiey

For selecting the weights, a heuristic approach was usedwhipoyid be thought of as the same DT. Therefore, our algorithm
takes into account the different contributions of the feadufrom considering them as one class seems to prove its effectisene
the three planes. First, by computing the recognition rées n another aspect. The other one is a mixed DT, as shown in
each plane separately, we get three rates [x1;x2;x3]; then, g 14(c), which includes more than one dynamic textureewa
we can assume that the lower the minimum rate, the smallgfq shaking grass. So it shows both characteristics of these
the relative advantage will be. For example, the recognitete dynamic textures. If we think of (a) and the top-left, toghi

improvement from 70% to 80% is better than from 50% t@ayts of (b) as the same class, our resulting recognitignusing
60%, even though the differences are both 10%. The relatiVgncatenatedBP T OPg.g.g.1:1:1 is 99.43%.

advantage of the two highest rates to the lowest one can nowyr results are very good compared to the state-of-therart.
be computed asy = (X = min(X))=((100 min (X))=10). [25] a classi cation rate of 98.1% was reported for 26 ctass
Finally, considering that the weight of the lowest rateljsthe f the DynTex database. However, their test and trainingpéesn
weights of the other two histograms can be obtained acogrdiere only different in the length of the sequence, but theispa

to a linear relationship of their differences to that witle flowest \,5riation was not considered. This means that their exEeTial
rate. The following presents the nal computing step, &vds the setup was much simpler. When we experimented using all 35
generated weight vector corresponding to the three hsgr  |asses with samples having the original image size and only
Y1=round(Y); Y2=(Y ((max(Y1) 1))=max(Y)+l; W = (different in sequence length, a 100% classi cation ratengsi

round (Y 2): . VLBP {3, or usingLBP  TOPgg;;1;1;1 Was obtained.
As demonstrated in Table 2, the larger the number of neigh-we also performed experiments on the MIT dataset [1] using
boring points, the better the recognition rate. AdBP a similar experimental setup as with DynTex, obtaining a%00

TOPg.g:8,1;1;1, the result 97.14% is much better than that fogccuracy both for the VLBP and LBP-TOP. None of the earlier
LBP  TOPs44;1;1;1 (94.29%) andLBP  TOP2:2:2;:1;1;1  methods have reached the same performance, see for exdfple [
(90.86%). It should be noted, however, that = 4 can be [3], [25], [29]. Except for [3], which used the same segméata
preferred in some cases because it generates a feature wdtto as us but with only 10 classes, all other papers used simpler
much lower dimensionality thaR = 8 (48 vs. 768), while it does datasets which did not include the variation in space ané.tim
not suffer too much loss in accuracy (94.29% vs. 97.14%)h8ot Comparing VLBP and LBP-TOP, they both combine motion
choice of optimalP really depends on the accuracy requiremerind appearance together, and are robust to translatiorlamdt i
as well as the size of data set. nation variations. Their differences are: a) the VLBP cdess

As Table 1 shows, an accuracy of 91.71% is obtained for VLB#Re co-occurrence of all the neighboring points in threenfa
usingP = 2 with a feature vector length of 256. The length of thef volume at the same time, while LBP-TOP only considers the



IEEE TRANSACTIONS ON PATTERN ANALYSIS AND MACHINE INTELLIGENCE, 2007 10

- : e
Fig. 16. Variation of illumination.
TABLE Il
OVERLAPPING RATIO BEFORE AND AFTER OVERLAPPING ADJUST FOR
. . 9X8 BLOCKS
Fig. 15. Examples of in-plane rotated faces.
ra (%) 30 40 50 60 70 80
) ) ra’(%) height | 23.7 | 29.5 | 34.6 | 39.1 | 43.2 | 46.8
three orthogonal planes making it easy to be extended to use width | 23.8 | 29.6 | 34.8 | 39.3 | 43.4 | 47.1

more neighboring information; b) when the time interiab 1,

the neighboring frames with a time variance of less thawill

be missed out in VLBP, but the latter method still keeps the 2) Evaluation and comparison

local information from all neighboring frames; c) compigat As expected, the features from the XY plane contribute less
of the latter is much simpler with the complexi(XY T 2P), than features extracted from the XT and YT planes. This is

compared to the VLBP witto(XY T 2°7). because the facial expression is different from ordinamyatiyic
textures, its appearance features are not as importanbas ti
B. Facial expression recognition experiments DTs. The appearance of DT can help greatly in recognition, bu
1) Dataset the appearance of a face includes both identity and expressi

The Cohn-Kanade facial expression database [9] consistsifermation, which could make accurate expression classion
100 university students ranging in age from 18 to 30 yeasgySi more dif cult. Features from the XT and YT planes explain mor
ve percent were female, fteen percent African-Americaampd about the motion of facial muscles.
three percent Asian or Latino. The subjects were instrutied ~ After experimenting with different block sizes and ovepary
an experimenter to perform a series of 23 facial displays$ th&@tios, as shown in Fig. 17, we chose to @se 8 blocks in our
included single action units and combinations of actiontyrsix €Xperiments. The best results were obtained with an oveakap
of which were based on descriptions of prototypical ematiorPf 70% of the original non-overlapping block size. We use the
of anger, disgust, fear, joy, sadness, and surprise. ThgeméVerlapping ratio with the original block size to adjust ayet the
sequences from neutral to the target display were digitinesl New overlapping ratio. Suppose the overlap ratio tO theirmalg
640 by 480 or 490 pixel arrays with an 8-bit precision foblock width isra, after adjusting, the new ratio im° and the
grayscale values. The video rate is 30 frames per second. Fjlowing equation represents thia®in height.

our study, 374 sequences from the dataset are selected liwm t ra®= ra h=r -
database for basic emotional expression recognition. &leetion e b D=rth = (rah o 1)) =r+h
criterion was that any sequence to be labeled was one of he si = AR T A

basic emotions. The sequences came from 97 subjects, wéth on
to six emotions per subject. The positions of the two eyehén twhere,h is the height of the block, and is the row number of
rst frame of each sequence were given manually, and thesethédlocks. So the nal overlapping ratio corresponding to 70% o
positions were used to determine the facial area for the avhdhe original block size is about 43%, as Table 3 shows.
seqguence. The whole sequence was used to extract the ploposé&or evaluation, we separated the subjects randomly into
spatiotemporal LBP features. groups of roughly equal size and did a “leave one group ows<r
Just the positions of the eyes from the rst frame of eactalidation which also could be called an “n-fold cross-gation”
sequence were used for alignment, and this alignment wat usest scheme. They are subject-independent. The same tsuthig:c
not only for the rst frame, but also for the whole sequencenot always appear in both training and testing. The testiag w
Though there may be some translation - in-plane rotation (Hwerefore done with “novel faces” and was person-independe
shown in Fig. 15) and out-of-plane rotation (subjects SOA8 a A support vector machine (SVM) classi er was selected sihce
S051 in the database, permission not granted to be shownisnvell founded in statistical learning theory and has besmass-
publications) of the head - no further alignment of faciattees, fully applied to various object detection tasks in compuwigion.
such as alignment of the mouth, was performed in our algarith Since SVM is only used for separating two sets of points, the
We do not need to 1) track faces or eyes in the following frames#x-expression classi cation problem is decomposed iridvio-
as in [38], 2) segment eyes and outer-lips [15], 3) selecstzomt class problems (happiness-surprise, anger-fear, sadisegsst,
illumination [15] or perform illumination correction [14}) align etc.), then a voting scheme is used to accomplish recognitio
facial features with respect to the canonical template [@4] Sometimes more than one class gets the highest number of
normalize the faces to a xed size as done by most of the papexgtes. In this case, 1-NN template matching is applied teehe
[11], [12], [13], [38]. In this way our experimental setupritore classes to reach the nal result. This means that in trainthg
realistic. Moreover, there are also some illumination akih s spatiotemporal LBP histograms of face sequences belorgiag
color variations (as shown in Fig. 16). Due to our methodgliven class are averaged to generate a histogram temptateato
robustness to monotonic gray-level changes, there wasetwfoe class. In recognition, a nearest-neighbor classi er ispgaed, i.e.
image correction by histogram equalization or gradientemiion, the VLBP or LBP-TOP histogram of the input sequence sample
for example, which is normally needed as a preprocessing steis classi ed to the nearest class templateL (s;n) < L (s;¢)
in facial image analysis. for all c6 n ( c andn are the indices of the expression classes
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Recognition rate under different overlapping
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Fig. 17. Recognition witi.BP TOP§1§.8A3.3A3 under different overlapping sizes (top) and number of tdoghottom).

having the same highest number of votes in the SVM classi efjynamic analysis methods in terms of the number of people,
Here, after the comparison of linear, polynomial and RB&he number of sequences and expression classes, withediffer
kernels in experiments, we use the second degree polynomigasures, providing the overall results obtained with tare
kernel functionK ( ; ) de ned by: K (x;t;) = (1+ x t;)?, which Kanade facial expression database. We can see that with the
provided the best results. experiments on the greatest number of people and sequences,
We did some experiments usiry = 2; 4; 8; 16 with different our results are the best ones compared not only to the dynamic
radii, overlapping rates and number of blocks. The vdtue 8 methods but also to the static ones.
gave better results than the other values. Then lots of Ifacia Table 6 summarizes the confusion matrix obtained using-a ten
expression recognition experiments were performed with thold cross-validation scheme on the Cohn-Kanade faciates«p
valueP =8, radii 1 and 3, overlapping rates from 30% to 80%sion database. The model achieves a 96.26% overall re@ynit

and number of blocks witm n(m =4; ;11in=m 1,m). rate of facial expressions. Table 7 gives some misclassied
The experimental results given in Fig. 18 and Table 4 weexamples. The pair sadness and anger is dif cult even for a
selected to give a concise presentation. human to recognize accurately. The discrimination of hagss

Table 4 presents the results of two-fold cross-validation fand fear failed because these expressions had a similaonmafti
each expression using different features. As we can seeger lathe mouth.
number of features does not necessarily provide bettedtsesu The experimental results clearly show that our approach out
for example, the recognition rate bBP  TOP{{16.16.3.3:3 IS performs the other dynamic and static methods. Our apprisach
lower than that of thelBP  TOP§3.g.3.5.5. With a smaller quite robust with respect to variations of illumination, ssen

number of featureslBP  TOPg3.g.3.3.3 (177 patterns per from the pictures in Fig. 16. It also performed well with some
block) outperformsV LBP 323 (256 patterns per block). Thein-plane and out-of-plane rotated sequences. This demabest
combination ofLBP TOPé‘;%;S;3;3;3andV LBP 3;2;3 (last row) robustness to errors in alignment.
does not improve much compared to the results with separate
features. It also can be seen that expressions labeled @$ssyr
happiness, sadness and disgust are recognized with veny hig
accuracy (94.5% - 100%), whereas fear and anger present & novel approach to dynamic texture recognition was propose
slightly lower recognition rate. A volume LBP method was developed to combine the motion
Fig. 18 shows a comparison to some other dynamic analysisd appearance together. A simpler LBP-TOP operator based o
approaches using the recognition rates given in each pé#perconcatenated LBP histograms computed from three orthdgona
should be noted that the results are not directly compadim®eo planes was also presented, making it easy to extract cavecwe
different experimental setups, preprocessing methoésatimber features from a larger number of neighboring points. Expenits
of sequences used etc., but they still give an indicationhef ton two DT databases with a comparison to the state-of-the-ar
discriminative power of each approach. In the left part & thresults showed that our method is effective for DT recogniti
gure are the detailed results for every expression. Ourhoét Classi cation rates of 100% and 95.7% using VLBP, and 100%
outperforms the other methods in almost all cases, being thed 97.1% using LBP-TOP were obtained for the MIT and
clearest winner in the case of fear and disgust. The right p&ynTex databases, respectively, using more dif cult ekpental
of the gure gives the overall evaluation. As we can see, owetups than in the earlier studies. Our approach is conipiigit
algorithm works best with the greatest number of people amsimple and robust in terms of grayscale and rotation variati
sequences. Table 5 compares our method with other static anaking it very promising for real application problems. The

VII. CONCLUSION
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TABLE IV
RESULTS(%) OF DIFFERENT EXPRESSIONS FOR TWBOLD CROSSVALIDATION

Surprise| Happiness| Sadnesy Fear | Anger | Disgust| Total
LBP  TOPj5 4333 98.65 | 89.11 9041 | 83.93] 93.75 | 92.11 | 91.18
LBP  TOP{353.3:3 100.00 | 97.03 9452 | 85.71| 84.38 | 97.37 | 94.38
LBP  TOP§3s1.1.1 97.30 | 90.10 89.04 | 82.14| 84.38 | 97.37 | 90.37
LBP  TOP{Z 1516303 98.65 | 91.10 89.04 | 76.80| 75.00 | 92.10 | 88.77
VLBP3:2:3 95.95 94.06 89.04 83.93| 87.50 | 92.10 91.18
LBP  TOP{3g333+ VLBP323 | 100.00 | 97.03 9452 | 89.29| 87.50 | 97.37 | 95.19
100 T
{90,334)
a0
80
70
e e e B
] P 11 B
40 —I—OurResuIT: """""""""""""""""" N
.-G - Aleksic's ; : :
Y B Yeasin's VT J """ ) ) ) T
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207 N Our Overall Results 27777777777 T v ) ) )
B - cksic's Overall
10 I eacin's Overall FE T ) ) )
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Surprise Happiness Sadness  Fear Anger  Disgust  Ours  Aleksic's Yeasin's Cohen's

Fig. 18. Comparison with recent dynamic facial expressigognition methods. The left line graphs are recogniticulte for each expression, while the
right histograms are the overall rate. The numbers in thekieta express the number of people and sequences useceirentifipproaches. In Yeasin's work,
the number of sequences in experiments is not mentioned.

TABLE V
COMPARISON WITH DIFFERENT APPROACHES

PeopleNum| SequenceNun} ClassNum| Dynamic Measure Recognition Rate (%)
[11] 96 320 7(6) N 10-fold 88.4 (92.1)
[12] 90 313 7 N 10-fold 86.9
[13] 90 313 7 N leave-one-subject-ouf 93.8
[38] 97 375 6 N — 93.8
[14] 97 — 6 Y ve-fold 90.9
[15] 90 284 6 Y — 93.66
Ours 97 374 6 Y two-fold 95.19
Ours 97 374 6 Y 10-fold 96.26

processing is done locally catching the transition infaiomg achieving 95.19% in two-fold and 96.26% in ten-fold cross-
which means that our method could also be used for segmentirgdidation, respectively. These results are better thasethob-
dynamic textures. With this the problems caused by seqsgendained in earlier studies, even though in our experimentsisesl
with more than one dynamic texture could be avoided. simpler image preprocessing and a larger number of peofle (9

A block-based thod bining local inf tion f thand sequences (374) than most of the others have used. Our
ock-based method, combining focal information irom thg proach was shown to be robust with respect to errors in face

pixel, region and volume levels, was proposed to recognizd gnment, and it does not require error prone segmentaifon

speci ¢ o_lynamic events such as facial ex.pressions i.n SEREN ¢ cial features such as lips. Furthermore, no gray-scai@ala-
In experiments ?2 the Cohn-Kanade facial expression ds9‘?&.113"’1i0n is needed prior to applying our operators to the facegesa
our LBP  TOPg5.5.3.3.3 feature gave an excellent recognition

accuracy of 94.38% in two-fold cross-validation. Combgnihis
feature with theV LBP3.2.3 resulted in further improvement
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TABLE VI
CONFUSION MATRIX FORLBP  TOP§!2.0.5.0.0 + VLBP 32,3 FEATURES

TABLE VI
EXAMPLES OF MISCLASSIFIED EXPRESSIONS

Apex image 10 SeqUences -

< 5
g

Ground truth Happiness Fear sadness Anger
Ilisclassified results Fear Happiness Anger sadness
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