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Abstract— Automatic facial action unit (AU) detection in  geometrical features instead and combines the approabh wit
videos is the key ingredient to all systems that utilize a sijbct 3 GentleBoost feature selection algorithm and supporbvect
face for either interaction or analysis purposes. With the 5 0hine classifiers. The fact that they use the transitidheof

ever growing range of possible applications, achieving a gh . . . .
accuracy in the simplest possible manner gains even more facial points and their inter relations throughout a segeen

importance. In this paper, we present new features obtained allows them to perform detection of the temporal phases
by applying local binary patterns to images processed by of AUs in addition to their presence. The more recently
morphological and bilateral filters. We use as features the conducted Facial Expression Recognition Challenge [4],

variations of these patterns between the expressive and neal  ,\vever has shown that the best AU accuracy was achieved
faces, and show that we can gain a considerable amount of ’

accuracy increase by simply applying these fundamental inge YS9 geometric and texture features_ in combination[5]. In
processing tools and choosing the right way of representing [5] the authors use Local Gabor Binary Pattern (LGBP)
the patterns. We also use these features in conjunction with histograms and Active Appearance Model (AAM) features

additional features based on facial point geometrical relaons  together in a multi-kernel SVM framework and achieve very
between frames and achieve detection rates higher than meth high detection results.

ods previously proposed, using a small number of features ah

basic support vector machine classification. AI_thOUQh the _LBP and its many variants_have been. _ex-
tensively investigated for AU and expression recognition
. INTRODUCTION purposes [6], too few of the works have gone further than

From new generation game consoles to market researgiracting histograms on a fixed grid in 2D or 3D (the third
or software used for the treatment of psychopathologiedimension being time). In [7] the authors have successfully
many applications and devices nowadays make use of fackied the difference of the LGBP histograms between the
analysis of users, consumers or patients. Automated faciifutral image and the peak expression. We adopt a similar
action detection and classification therefore continueseto 2PProach, however we compute the LBP histograms obtained
an important research issue in the computer vision area. TH@M overlapping windows and compute a single feature per
Facial Action Coding System (FACS) [1] is an objectiveW'ndO_Wv Whlch is thex? distance between tr_\e histograms,
and efficient way of describing any possible movement c)Hesultmg in a smaller number of features whl_ch search more
the face using Action Units (AU), each of which define s€Xtensively throughout the image. In addition, we apply
certain movement of the facial muscles. The FACS has bedifee different filters (using morphology by reconstrustio
extensively used by researchers in emotion as well as ff'd DPilateral filters) separately before applying the LBP
human computer interaction systems. Accurate detection BRnsform on the image. This lets us obtain three different
the AUs in a simple and robust fashion is a very importartBP transforms which define more clearly the edges than
step in facial analysis systems and in this paper we preséfifectly applying the LBP transform, and we show with
a new method for extracting features from the facial textur8XPerimental results that indeed the new features proposed
that are able to efficiently describe facial actions. achieve a better accuracy. We also show that combining th_ese

Many automatic action unit systems have been proposed'i??(t”“? features with certz_am shape features we can achieve
the last decade using various methods for feature extractig€tection performances higher than other methods that have
and classification. One of the most well-known works is th&ePorted results on the same database that we use for our
one proposed by Bartlett et al. [2] where the authors udests- . , .
Gabor Features and Adaboost classifiers to detect the AuThe rest of the paper is organized as follows: Section

present in an image. The work by Valstar and Pantic [3] usdk describes the shape features, preprocessing methods and
texture feature extraction procedure along with the featur
Personal use of this material is permitted. However, paimisto  Selection and classification method that we use. In Section
reprint/republish this material for advertising or promogl purposes or Il we present the results obtained us|ng texture features
for creating new collective works for resale or redistribntto servers or by th | di . . ith sh f d
lists or to reuse any copyrighted component of this work ineotworks y themselves and in conjunction with shape features an

must be obtained from the |EEE. compare these results to other methods. Finally, Section IV



concludes the paper with a summary and outlook. S

Il. PROPOSED METHOD Fi(i) = in—tia 1)

. . o _ Fa(i) = win—win 2)

In this section we explain in detail the method proposed
for the AU detection system. Since our main contribution Fs(i) = \/(Iz’,N —2i1)’ + (i —vi1)? (3)
is in features extraction, the emphasis is also given to thjs,
component of the system.

erez; y denotes the position in coordinate of point
in frame numberV, or the peak frame, and similarly; ;
that in the first, or neutral, frame.

Then, we also take as features the change in position of
To obtain the shape features we need to localize the fag# points with respect to each other in the peak and initial
and certain points on it, either by manual human annotatiofi@mes, i.e.
or with the help of a face tracking system. In order to avoid . 5 5
any noise possibly introduced by automatic face trackirdyan 4 (5,7) = \/(%N —xN)" + (WiN —yiN) — (4)

to better observe the improvement provided by the proposed \/ 2 2
texture based features (explained in section II-B) we use (@i —250)"+ (i1 — 5.) )

A. Shape Features

manual annotations of 68 facial points for the tests present 1 (; &y —  qan iv —yinl 1Y — gl ©)
in this paper. ’ |z N — 25 N] |51 — 251]
The face is divided into three regions and only a certain (7)

group of the facial points are used corresponding to ea%gr all pointsi # j in S. Obtaining in the end the feature

region. The reason for doing this is that none of the actio o
units causes a substantial change in the whole face or all %?tFS = [F1, P2, F5, Fy, F5] of 899 shape features.

the 68 points defined, but only a specific portion. So, we caB. Texture Features

reduce the computational burden and noise caused by therpe texture related features that we propose to use, to
feature extraction and selection processes. More prgciselynain simply, is the difference, between initial and peak

we use 29 points and the texture contained inside gnd arouflgmes, of the histograms that we obtain from overlapping
for each of the upper face (AUs 1,2,4,5 and 7), middle facginqows of various sizes on the LBP transform that is

(AUs 6 and 9) and lower face (AUs 12,15,17,20,23,24,23,5jied on three images obtained by three different filters.
and 27) action units. The selected points for each type Cihese filters are the bilateral filter, opening by reconsioac

be seen in Fig.1. filter and black top-hat by reconstruction filter. We explain

in the following subsections how each of them works and

why they are relevant to our task, in addition to the LBP

transform and the feature extraction procedure.

1) Bilateral Filter: The first preprocessing method we
perform in order to eliminate irrelevant facial deformatsar
noise present in the image is the bilateral filter. The hitdte
filter is a non-linear filter introduced by Tomasi et al. [8]
and has been vastly used mainly for the purposes of image
denoising and for creating special effects in photograltbs.
main advantage compared to linear filters is that it smoothes
Fig. 1: Points used in feature extraction; Upper face poin@ image while preserving the edges with the help of two
are shown in red, blue or yellow; Middle face points in greerdifferent kernels called the domain and range filter. The
blue, magenta or yellow; Lower face points in cyan, magengguation of the bilateral filter is given as

or yellow; Black points are not taken into account for any Upe—prll®  (I(pe)—I(py))?
. B - 2 _
AU Ipe) =w;' Y e i e 7 T p) (8)
kEQ

The shape features are then obtained using the initial framénere @ is the particular neighborhood taken around the
(containing no expression) and peak expression frame (reixel located atp. and I denotes the corresponding gray-
ferred to as peak frame throughout the paper) of each vidéavel intensity. The normalization factar. is simply the
sequence containing an expressiombframes, similarly to summation of the weights over the neighborhagd
[3] with the difference of using only 2 frames rather than the The first kernel in (8) is the simple Gaussian smoothing
whole sequence. All of the shapes (68 points) were aligndiiter, called the domain filter in this case. The second one,
to a single shape to exclude the effect of translation, imotat called range filter, is where the non-linearity appears and
and scale. The first features obtained is the position changgesmoothes the image in the intensity domain. This means
in horizontal and vertical directions of the 29 points dafine that, the neighboring pixels with intensity values closéhte
which is called sefS. Thus, we compute for each pointn  center pixel are assigned a smaller weight than the pixels



that have a larger intensity difference. Thus, the areashwhistructuring element, represented @3 on the image and a

contain edges (high intensity changes) are less affected bask image, which is in our case the original imag¢9].

the smoothing performed by the domain filter. After n iterations we obtain the opening by reconstruction,
The bilateral filter is suitable for our case, since our maidpr, in the form

source of information is contained on the edges created by

the facial actions, and we want to smooth out the regions Ior =07 (Ig) = 61,101, ... (61,:(Ip)))  (10)

that contain other irrelevant deformations. The main issue

with bilateral filters is the choice of the 3 parametegss,  With

and the neighborhood size, which affect directly the amount §1.1(Ig) = A{61(Ig), I} (11)

of smoothing and edge preserving. No optimization of these

parameters exists in the literature and the optimal pamet and

depend highly on the application, so, in this preliminary ST (Ie) = 01 1(I) (12)

work, we choose empirically as parametegs= 3, o, = 50 . . . ) L

and a square neighborhood of size, which provides a _ C€l0sing by reconstruction/{r) is obtained, similarly, by

reasonable smoothing. An example result of the bilaterdfratively applying the geodesic erosion operation on the

filter and the LBP transform applied on it can be seen ifharker image obtained by dilating the original image with

Fig.2b. As expected the LBP transform results in smoothé structural elemenB, until the resulting image is identical

regions, so that the main patterns explaining the facidf the one in the_previ(_)us itera_tion. The geodesic erosion is
features are better viewed and, of course, identified. defined as the pixel-wise maximunv)(of the elementary

2) Morphological Operations by Reconstructiorthe erosion of the marker image and the mask image, which is

second type of preprocessing that we use is based 8Rce again our original imagk
mathematical morphology. Opening and closing are two of

the most commonly used morphological operations. Mor- Icr =€ (Ip) = erp(err. .- (e1,1(Ip)))  (13)
phological opening serves to identify or isolate structure .

(or connected components) that are brighter than their e\r'1v-Ith

vironment while morphological closing isolates and flagten e1.1(Ip) = V{ei(Ip), I} (14)

image structures that are darker than their surroundinds an We use as our morphological preprocessing methods the

that have a smaller support thar_l the structurir_lg eleme@t_(sﬁpening by reconstruction and the black top-hat by recon-
used for the consecutive dilation and erosion Oper"’lt'ongtruction method. The black top-hat transform (also called

pependlng on the structunng element, thg way that thﬁhe closing by top-hat or top-bottom transform) is the raald
image behaves under these filters thus provides mformatl% a closing image when compared to the original image:
on structural features of the objects present in the image. '

They have been frequently used to obtain feature sets using Iprr=Icr —1I (15)
varying sizes of structural elements in tasks like image
classification and segmentation, especially in remoteisgns Example results of the opening by reconstruction, black top
applications[9]. hat transform and the LBP transform applied on top can
Based on this ability of defining bright and dark structure§€ seen in Fig.2c and 2d respectively. As we can see the
in images, we adopt the idea of using the morphologic&Pening performed serves to flatten the bright areas on the
filters as a preprocessing method applied before the LBRce, emphasizing the important intensity changes cauged b
transform. The standard opening and closing operation§e facial features, and to help the LBP transform obtain
however, result in the deformation of important geometclearer structures. The black top-hat transform, on theroth
rical structures as well. To prevent this severe effect, Band, identifies the dark regions on the face (such as the
shape preserving method called morphological filtering b§pouth opening and eyebrows) and therefore cause the LBP
reconstruction was proposed [10], with the idea of avoiding® have more significant boundaries around these regions.
deformation of structures larger than the structuring eleim As the structuring element we use a disk shape of size
Opening and closing by reconstruction are performed i0 by 30 pixels, for images of size 640 by 490. All filter
two steps. In the case of opening, first a marker image Parameters were chosen based on visual observationsgor thi

is obtained by app|y|ng erosion (representedeb}on the initial Work, but in future work we plan to Optimize these

original imagel!, using the structural elemedtt. parameters using cross-validation tests.
3) Feature Extraction by Uniform Local Binary Pattern
Ip = ep(l) 9) Histogram Differences:Local binary Patterns (LBP) is an

efficient gray-scale texture descriptor proposed by Ojaid. e
The second phase is iteratively performing a geodesjt1] and has been used widely in various texture description
dilation starting with the marker imaggs until no further and classification problems, including expression redagni
change in the image pixels is obtained. The geodesic dilatiand AU detection, along with its many variants. Its main
on an image is defined simply as the pixel-wise minimunadvantage is that it is invariant to illumination changes
(A) of the elementary dilation (dilation with the smallestsince it is defined by the relationship of a pixel with its



Fig. 2: Examples of the preprocessed images and their LBRfoems (on the right of each subfigure) (a) is the original
image, (b) is the bilateral filtered image, (c) is the imagerabpening by reconstruction and (d) is the image afterkblac
top-hat by reconstruction

neighbors, thus can identify successfully the microstmeg is intuitionally more important than the smaller window

in an image. The basic LBP is defined for a pixglas containing only the inner brows, while for action unit 1 (@rn
Pl brow raise) it is not the case. Therefore, we prefer not to
LBP(p,) = I(I(py) — I(pc)).Qk (16) discard any of these overlapping regions, and let the featur

k=0

where I(p) denotes the intensity of a pixel, and P is

the total number of pixels in the chosen neighborhood of
the center pixep.. The function/ is a simple thresholding
function in the form

0 fz<O
l(z) = { 1 otherwise (17)

selection step choose the most relevant ones.

In the end we obtain a binary patternBfbits for each pixel. ..

By varying this numberP and the radius of the circular

neighborhood one can obtain LBP at different resolutiongzig. 3: lllustration showing the smallest window size used
In this work we use the uniform LBP on a neighborhoodor LBP histogram extraction and the first two overlapping
of radius=1 andP = 8. Uniform LBP [12] is an extension translated versions

of the standard LBP, where the binary patterns are grouped

according to the number of 0/1 transitions that they contain once we have obtained the histograms for each of the
and the patterns containing more than 2 transitions (NoQjindows on each of the initial and peak frames, we compute
uniform patterns) are assigned the same identity, sincast Wine histogram variation between the two frames, the reason
shown that they occur much less frequently than the other@eing, using the change in the LBP profiles rather than the
namely the 58 uniform patters. So, for each pixel in a regi‘%;ofiles directly in the peak frame eliminates the variagion
of interest we assign a value from 0 to 58, and obtain a 5§,e to identity and provides a stronger feature set [7]ebut
bin histogram for that region. Figure 2a shows the uniformgs the direct difference of 2 histograms and using every bin
LBP transformation of an example face image from the CKxg separate features as done in [7], we useythdistance,

database [13]. D,, which is defined as
In our experiments we scale each face region (upper,

middle or lower as explained in Section IIA) in the initial Doa(He Hi) = (Hy (b) — Hy(b))?
and peak frames to a standard size of 240 to 120 pixels. x2 (Hn, Hy) = Z (Hn(b) + Hq(D))/2
Then we obtain the 59 bin uniform LBP histograms of 324 beh

overlapping windows of different sizes, the smallest windo where Hy (b) denotes the value at bib of the histogram
size being 40 by 40 while the largest one is 240 by 12@r the Nth frame, andB denotes the set of all the bins.
containing the whole region of interest. Figure 3 shows afhe texture features for the region of concern is thus these
illustration of the windows with the smallest size alongtwit distance measures for each of the 324 windows.

the first two slid versions; the overlap size id; — 20 Applying the LBP transform and obtaining these texture
by My — 20 for each window of sizeM; by Ms. Most features explained, for all three of the preprocessed image
of the works to date using LBP histograms for action unifbilateral filter, opening by reconstruction, black top-bg
detection have used standard size non-overlapping windowsconstruction) we have our final set of 972 texture related
However, for each AU the most important information mayfeatures. The three different filtering methods, combingl w
be contained in windows of different sizes and positioned ithe local binary pattern transform, allow us to obtain an
various locations. For instance, for action unit 2 (outewibr extended set of features explaining the facial structuk an
raise) the large window containing both of the eye browas presented in the next section provide a much better AU

(18)



detection accuracy compared to the LBP used alone, both inWe group the results we obtained in two parts: The

combination with the shape features and by themselves. first one is the AU detection performance using only tex-
ture features in the feature selection and classificatiod, a

C. Feature Selection and Classification compares the two results obtained by the preprocessing

Once the full set of features (shape + texture) is obtainemethOds' explained in Section 1B, applle_d be_fore the LBP
we perform feature selection using the GentleBoost aIchr-"’_m.SfO”.ﬁn and by the LBP transform applied dlrectly on the
rithm [14] to choose the most relevant features for each & |g|pal Image. .The second part presents t_he det.ecno.rttses_u
the AUs. We therefore perform this process 15 times indepe btained by'usmg these tex_ture. featurgs in conjunctioh wit
dently, for the action units 1,2,4,5,6,7,9,12,15,17,3(22,25 the geometric features detailed in _Sectlon_ lIA, and conmpare
and 27. Feature selection is a crucial step in the AU deﬁectiéhese results to other methods in the literature that have
process, since it discards the irrelevant and redundant fergported results on the same database.
tures which constitutes a huge portion of the total number & Experiments with only texture features
features extracted, due to the large number of LBP windows
and inter-point relations we use for building our features
set. For each action unit 200 features are extracted in to

First, we train our feature selector and classifiers using
rllly the texture features, not including yet the geometric

as result of the GentleBoost, then the optimal number ¢F2tures in order to observe the advantage of applying the
features is chosen by performing leave-one-subject-ctd te preprocessing methods proposed over using LBP transform

(explained in detail in Section 1) with 30,50,100,150 anGdirectly on the image by itself. Table | presents the number
200 features for each AU separately DA of features used, overall accuracy and area under the egceiv

For the detection of action units using these selecte%Derator characteristics (ROC) curves, which are predente

features, we train 15 Support Vector Machines (SVM), onc! Fig.4, for each of the 15 action units and for both

; : . ethods. The overall accuracy (OA) stands for the correct
again for each AU. The SVM are binary, the classes being | assification rate for both the positive and negative exam
the specific AU is present in the image sequence or not. % P 9 P

kernels we use Gaussian Radial Basis Functions (RBF), a o({/\t/aach :‘U‘ from th results the sianificant increase in
optimize the classifier parametessand C' using a 5-fold € can see 1ro ese resu g

cross validation on the dataset. For the SVM classificatio?'lCcuracy when we use the extended set of texture features;

we use the publicly available LibSVM library[15]. The cress that_ls, W_'th the preprocessing ap_phed. For all AUs we
validation tests and parameter optimization are explained obtain a higher accuracy and AUC with the feature extraction

o . method using the filters, resulting in an average increase of
more detail in the results section. 2.34% in the OA, 4.57% in the AUC, which is statistically
. EXPERIMENTAL RESULTS more m_eaningful than_ the OA due to the unbalanced number
of positive and negative examples. The number of features
For all the experiments that we performed we have useglving the highest accuracy in each case is particularly
the Extended Cohn-Kanade (CK+) database [13], whicimteresting, since for certain AUs this number is higher for
consists of a total of 593 image sequences of 123 differetie method using only LBP, although the total number of
subjects posing in various facial expressions and contaifsatures before feature selection is only one third of theot
different numbers of examples of many action units. Thenethod (324 vs. 972). This fact serves to show us that the
action units present on the peak frame of each sequenigerease in accuracy is not at all dependent on the number
were identified by human coders for each sequence. We haskefeatures extracted but rather on their ability to deserib
applied our methods to detect 15 action units which havetae facial actions.
reasonable number of occurrences in the database. We takeThese tests show not only the advantage of the preprocess-
for each AU, as positive examples all the sequences thatifig methods proposed, but also the potential of the system
is present in the peak frame, regardless of the intensity @fhen it is completely automated, which is the next planned
the action. step. The texture features are mostly independent from the
For each of the tests presented, we have performedfacial point annotations, for which we use manual annota-
leave-one-subject-out (LOO) cross-validation; meaniy, tions at this step, except for obtaining the relevant region
sequences of a specific subject were excluded in the set ugeit of the face. This can be easily and efficiently performed
to train the classifier, then the classifier was tested on thesing existing face detection methods in the literature and
excluded sequences and the overall accuracy was calculateel see, as explained in the following section and presented
by adding the number of correctly classified sequences far Table Il that we achieve accuracy measures competitive
each subject. The best parameters &etC} of the SVM  with other state-of-the-art methods even using only textur
(corresponding to the highest classification rate) werseho features.
out of a possible 25, using a 5-fold cross validation on the ) ) )
training set for each subject. The LOO tests were performédt ExPeriments with shape and texture features combined
for each AU using 30,50,100,150 and 200 features and theThe second group of experiments we perform is using
one giving the highest overall accuracy was chosen as thige shape features explained in Section IlA in combination
final result. with the texture features explained in Section IIB. Once



Fig. 4: Receiver Operator Characteristics curves for eddhe Action Units included in the experiments. Red curves ar
the ones obtained using Preprocessing and LBP texturerésatwhile blue curves are the ones obtained using only LBP
texture features

TABLE I: AU Detection Results for the preprocessing + LBPgo only the overall accuracy, which is rather meaningless
texture features (Pre+LBP)_a_1nd for only LBP texture fe_aﬁuresince they have very few positive examples, and AU25 (jaw
(LBP). NP: Number of positive examples for the AU in thedrop) for both accuracy and AUC, which has proven by the
database, nFts: Number of features used, OA(%): Percentgggiormance difference between using shape-+texturertsatu

overall accuracy, AUC(%): Area under ROC curve and only texture features (shown in Table 1), to be very
AU | NP nFits OA(%) AUC(%) dependent on the features provided by the geometry of the
Pre+LBP | LBP || Pre+lBP | LBP ]| Pre+lBP | LBP | facial points rather than the texture. Comparing these two

1 177 200 150 90.89 86.17 95.90 88.87 .
2 | 117 200 150 0400 | 9325 | 9769 | 9298 | performances (shape+texture vs. texture) we see that while
4 194 100 150 87.86 82.13 94.13 88.18 i i i

= | 1o 30 100 o101 | soonll o3z | 8714 shape features brm_g about a higher accuracy in _aII AUs,

6 | 123 100 150 80.04 | 86.85| 9287 | 8s51| for some of them this change is more substantial, like AUL

7

9

121 100 150 || 83.64 | 8361} 8667 | 8307\ (jnner brow raise) in addition to AU25. This tells us that for

75 50 150 97.47 95.45 99.18 95.82 . R . .

12 | 131 150 50 9342 | 9089| 9541 | 93.30| these AUs change of location of facial points contains more
15 94 50 150 92.24 88.02 93.64 89.36 i i i i i

1 | 209 150 s go54 | ses1 |l 9403 | 9113 !mportant information than the change in texture contained
20 | 79 100 100 9258 | 92.07 | 9488 | 9157 | in or around. It makes complete sense in the case of AUL
23 60 100 150 92.24 89.38 88.13 77.98 i ifi

51 | o8 50 120 o258 | 9139 || 808> | 8430 and AU25,_fo_r example, where we do not see a_S|gn|f|cant
25 | 324 150 100 88.03 | 85.83| 93.72 | 9248 | texture variation on the area related to these actions but an
27 | 81 100 150 || 9612 | 9595 9870 | 9502| qpvious position change of certain facial points.

[(Avg. | I [ [ 9144 [ 89.10 | 93.88 [ 89.31

We also compare our results to 3 different methods that
have reported results on the same database. The first one
is the method by Senechal et al. [7] in which they use as
again we conduct the experiments using the LBP on tojeatures the histogram differences of Local Gabor Binary
of 3 preprocessing methods, and using LBP directly oRatterns(LGBP) in non-overlapping fixed size windows, and
the image separately. In the first case the feature selectibuild a special kernel using this difference for the clasksifi
algorithm is fed 1871 features in total, while in the secon&ince separate AU performances were not reported, and the
this number is 1231. In this preliminary study aiming tolower AUs are not the same ones tested in this work we can
test the efficiency of the proposed texture features we usmly compare the mean upper AU detection performance.
only manual annotations of the facial points. Due to th&he best results that they achieve is with the special kernel
high accuracy of these features and the ratio of the shapéich is 97.3% AUC, while for us this measure i86.8%.
vs. texture features, the feature selection tends to selatith, the Gaussian RBF kernel, however, they achieve
shape features more frequently in the LBP features witho9t.2%, from which we can deduct that with a much lower
preprocessing case, as expected. Therefore, the difieremumber of features selected efficiently, higher perforreanc
in accuracies obtained by the two different methods is lessan be achieved.
significant than that presented in Section IlIA. With the The comparison with the other two methods can be seen
preprocessed features we obt@n747% overall accuracy and in Table I for the 13 common AUs that were tested in all
96.97% AUC, while with only the LBP features we obtain three papers. The first method [3] proposes using as features
94.13% accuracy and)6.01% AUC as average over the 15 gnly the position change of facial points throughout the
AUs tested. whole sequence and does not report the AUC measure so

The preprocessed features achieve higher accuracy amd compare the F1 measure instead, noting that we tune our
AUC for 12 AUs, the exceptions being AU 23 and 24parameters to give the highest classification accuracy and



TABLE II: AU Detection Results comparison using our methoithwshape + texture features (SHTXT), our method with
texture features only (TXT), the method proposed by Val&tdantic [3](Valstar) and the method proposed by Bartlett et
al. [2] (Bartlett). OA: Overall accuracy, F1: F1 measure,@&UArea under ROC curve

AU OA F1 AUC
SHTXT TXT Valstar | Bartlett SHTXT TXT Valstar SHTXT TXT Bartlett

1 0.965 0.909 | 0.918 0.92 0.938 0.841 | 0.826 0.983 0.959 0.95
2 0.976 0.941 | 0.939 0.88 0.939 0.836 | 0.833 0.991 0.977 0.92
4 0.911 0.879 | 0.870 0.89 0.862 0.809 | 0.630 0.968 0.942 0.91
5 0.944 0.919 | 0.904 0.92 0.829 0.745 | 0.596 0.976 0.936 0.96
6 0.911 0.890 | 0.930 0.93 0.778 0.716 | 0.811 0.946 0.929 0.96
7 0.882 0.836 | 0.870 0.88 0.688 0.531 | 0.290 0.917 0.867 0.95
9 0.992 0.975 | 0.928 1 0.966 0.895 | 0.573 0.998 0.992 1
12 0.944 0.934 | 0.930 0.95 0.865 0.838 | 0.836 0.974 0.954 0.98
15 0.953 0.922 | 0.969 0.85 0.839 0.726 | 0.361 0.956 0.936 0.91
20 0.963 0.926 | 0.908 0.92 0.849 0.690 | 0.517 0.973 0.949 0.84
24 0.946 0.926 | 0.935 0.92 0.682 0.511 | 0.497 0.945 0.896 0.88
25 0.959 0.880 | 0.851 0.89 0.963 0.889 | 0.748 0.984 0.937 0.93
27 0.985 0.961 | 0.964 0.99 0.945 0.855 | 0.854 0.996 0.987 1

[Avg. ]| 0949 | 0.915] 0016 | 009 || 0.857 | 0.760 | 0.638 || 0.969 | 0.943 | 0.926 |

not the highest F1. The second method [2] uses only Gabde] Bartlett, M.; Litlewort, G.; Frank, M.; Fasel, |.; Mo¥an,
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