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Abstract— Automatic Facial Expression Recognition and Researchers often do report on the accuracy of their
A_naly5|s, in partlcular FACS Action Unit (AU) de_te(_:tlon and proposed approaches using a number of popular facial
discrete emotion detection, has been an active topic in corafer expression databases (e.g. The Cohn-Kanade database [6]

science for over two decades. Standardisation and comparab . .
ity has come some way; for instance, there exist a number the MMI-Facial Expression Database [18], and the JAFFE

of commonly used facial expression databases. However, kac database [8]). However, only too often publications fail to
of a common evaluation protocol and lack of sufficient detad  clarify exactly what parts of the databases were used, what
to reproduce the reported individual res_ult§ make i!: difficult  the training and testing protocols were, and hardly anyssros
to compare systems to each other. This in turn hinders the 519456 evaluations are reported. All these issues make it

progress of the field. A periodical challenge in Facial Expresion e - L
Recognition and Analysis would allow this comparison in a fa difficult to compare different systems to each other, whieh i

manner. It would clarify how far the field has come, and would ~ turn hinders the progress of the field. A periodical chaleeng
allow us to identify new goals, challenges and targets. In ta  in Facial Expression Recognition and Analysis would allow
paper we present the first challenge in automatic recognitio  this comparison in a fair manner. It would clarify how far the

of facial expressions to be held during the IEEE conference field has come. and would allow us to identifv new goals
on Face and Gesture Recognition 2011, in Santa Barbara, | y 9 ’
challenges, and targets.

California. Two sub-challenges are defined: one on AU deteicin - ) ] .
and another on discrete emotion detection. It outlines the ~ This paper describes the first such challenge, organised
evaluation protocol, the data used, and the results of a baiee  under the name of FERA2001, which will be held in
method for the two sub-challenges. conjunction with the 9th IEEE International Conference on
Automatic Face and Gesture Recognition. The challenge
l. INTRODUCTION will allow a fair comparison between systems vying for the
Computers and powerful electronic gadgets surround uile of ’'state of the art’. To do so, it uses a partition of
in ever increasing numbers, and the computing aspect is ithe GEMEP corpus [1], developed by the Geneva Emotion
creasingly hidden behind user friendly interfaces. Yetame Research Group (GERG) at the University of Geneva led by
pletely remove all interaction barriers, the next-genierat Klaus Scherer.
computing (a.k.a. pervasive computing, ambient inteflige The challenge is divided in two sub-challenges that reflect
and human computing) will need to develop human-centrado popular approaches to facial expression recognition:
user interfaces that respond readily to naturally occgrrinan AU detection sub-challenge and an emotion detection
multimodal, human communication. An important functionsub-challenge. The AU detection sub-challenge calls for
ality of these interfaces will be the capacity to perceiveesearchers to attain the highest possible F1-measure2for 1
and understand intentions and emotions as communicatdquently occurring AU (see Table I). The emotion detattio
by facial expressions. sub-challenge calls for systems to attain the highest plessi
Facial Expression Recognition and Analysis (FERA), irclassification rate for the detection of five discrete enrtio
particular FACS AU detection [4] and discrete emotioranger, fear, joy, relief, and sadness. The set of emotions is
detection, has been an active topic in computer scienc®t a subset of the basic emotions postulated by Ekman [3],
for some time now, and many promising approaches havBough it contains some. Table Il lists a definition of each
been reported [11], [19]. Arguably the first manuscript oremotion.
automatic facial expression recognition being published i The majority of existing automatic facial expression recog
1974 [12]. The first survey of the field was published imition literature can be divided based on the types of festur
1992 [13] and has been folluwed up by several others sintbBey use in three ways: those that use appearance-based
[19], [11]. The question is, do the approaches proposed features (e.g. [5], [2]), those that use geometric feabharsed
date actually deliver what they promise? To help answer thapproaches (e.g. [17], [7]), and those that use both (e53).[1
guestion, we are of the opinion that it is time to take stocBoth appearance- and geometric feature-based approaches
of how far the field has progressed in an objective mannehave their own advantages and disadvantages, and we expect
that systems that use both will ultimately result in the leigth
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TABLE |

split the dataset into a training set and a test set. A total
ACTIONUNITS INCLUDED IN THE AU DETECTION SUB-CHALLENGE.

of 158 portrayals (87 for training and 71 for testing) was
selected for the AU sub-challenge. All portrayals représgn
actors speaking one of the 2 pseudo-linguistic phoneme

TEST SETS DENOTES SEEN SUBJECTSVHILE TEST SETU DENOTES
UNSEEN SUBJECTSNUMBER OF VIDEOS N¢otqi = 158, Niraining =

87; Niest =71 Lo :

- fest sequences so AU detection is to be performed during speech.
s :?\isé‘irfrtg\’; —— T;aé” Tegt S Te;; v ng"' The training set included 7 actors (3 men) and the test set
2 | Outer brow raiser 48 12 21 81 included 6 actors (3 men), half of which were not present in
4 | Brow lowerer 34 10 26 70 the training set.
6 Cheek raiser 37 8 27 72 :
7 | Lid tightener 43 14 30 87 For the emotion sub-challenge_, a total of 289 por'Fray-
10 | Upper lip raiser 48 13 21 82 als were selected (155 for training and 134 for testing).
ig tip corner guller gg 166 ﬁ 14075 Approximately 17% of the portrayals in the emotion sub-

Ip corner aepresso H H

17 | Chin raiser 49 1 31 94 ,challyeng.e represente.d _the actors uttering the sustaineel vo
18 | Lip pucker 28 12 20 60 aaa’ while the remaining portrayals represented the actor
25 | Lips part 67 22 37 126 speaking one of the 2 pseudo-linguistic phoneme sequences.
26 | Jaw drop 46 12 23 81 The training set included 7 (3 men) actors with 3 to 5

instances of each emotion per actor. The test set for the
emotion sub-challenge included 6 actors (3 men), half of
others employ both (e.g. [17]). Currently it is unknown whawhich were not present in the training set. Each actor
approach is most successful. contributed between 3 and 10 instances per emotion in the
A full survey of the field is out of scope for this paper,test set. The actors who were not present in the training
and we encourage the interested reader to review a numisets were the same for both sub-challenges. Details about
of excellent surveys for a more detailed description of ththe training and test sets can be found in table | (AU sub-
current state of the art [19], [11]. challenge) and table 1l (Emotion sub-challenge). The &ble
The remainder of this paper is structured as followsdistinguish between videos with seen and unseen subjects of
in section Il we will list the requirements for a suitablethe test set. Videos displaying subjects that are also prese
challenge data set, and describe the data set chosen ifoithe training set belong to the seen test set, the others in
the first FERA challenge. In section Ill we describe théhe unseen test set.
challenge protocol for both the AU detection and emotion de- N
tection sub-challenges. Section IV then describes thdibase B+ Availability
method and the baseline results for the two sub-challengesThe training set was made available through a website
We conclude the paper with a summary of this paper iemploying user-level access control to all participants di
section V. rectly after the challenge’s call for participation was read
Upon registering for the challenge, participants were re-
Il. THE GEMEP-FERA2011 DATASET guested to sign an End User License Agreement (EULA),
For the challenge, we will use part of the GEMEP databasghich states, among other things, that the data can only
[1]. The GEMEP corpus [1] consists of over 7000 audiovibe used for the challenge, and that it cannot be used by
sual emotion portrayals, representing 18 emotions paettay private institutions. When a signed EULA is received by the
by 10 actors who were trained by a professional director. ASERA2011 organisers, the account of that particular gartic
the basis of their expression, the actors were instructed pant was activated. The participant could then download two
utter 2 pseudo-linguistic phoneme sequences or a sustaingg files: one containing all training data for the AU detenti
vowel 'aaa’. Of the total number of recordings, 1260 portraysub-challenge and the other containing all training data fo
als were selected and included in a rating study to evaluatiee emotion detection sub-challenge.
inter-judge reliability and recognition accuracy. Baeezi The test data was distributed through the same website.
and Scherer [1] showed that portrayed expressions of tiMowever, it was only made available 7 working days before
GEMEP are recognized by lay judges with an accuracy levghe submission deadline. This was done to ensure that the
that, for all emotions, largely exceeds chance level, aatl thresults submitted are fair, by not allowing the particigant
inter-rater reliability for category judgements and pared enough time to manually reconstruct the labels of the test
believability and intensity of the portrayal is very sadisfory. data. Again, one zip file contained all test videos for the
The data has not been made publicly available yet, and /8J detection sub-challenge and the other the videos for the
thus ideal for a fair challenge. A detailed description af themotion detection sub-challenge.
GEMEP corpus can be found in [1]. To continue providing a facial expression recognition
A. Partitioning benchmark after th_e chall_enge_ is over, the_ GEME_P-
' FERA2011 dataset will remain available through its website
A subset of the GEMEP corpus was annotated in terms qhe procedure for obtaining benchmark scores will be iden-

facial expression using the FACS and that subset was usggh| to that for the challenge, as described in section III.
in the AU detection sub-challenge. To be able to objectively

measure the performance of the participants’ entries, wethttp://gemep-db.sspnet.eu



TABLE Il
EMOTIONS INCLUDED IN THE EMOTION DETECTION SUBCHALLENGE. TEST SETS DENOTES SEEN SUBJECTSNVHILE TEST SETU DENOTES UNSEEN
SUBJECTS NUMBER OF VIDEOS Niotqr = 289; Niraining = 155; Niest = 134

Emotion | Definition Train | Test S| Test U | Total
Anger Extreme displeasure caused by someone’s stupid or hostitna 32 14 13 59
Fear Being faced with an imminent danger that threatens our gairar physical well-being| 31 10 15 56
Joy Feeling transported by a fabulous thing that occurred uveesegly 30 20 11 61
Relief Feeling reassured at the end or resolution of an uncomfertaimpleasant, or even 31 18 8 57
dangerous situation
Sadness| Feeling discouraged by the irrevocable loss of a persomreplar thing 31 18 7 56

The only difference will be that the test partition is alwayshe emotion recognition sub-challenge. To assess how well

available (but still without labels, of course). their systems perform before the test partition is avaélabl
participants are encouraged to perform a cross-validation
lll. THE FERA2011 CHALLENGE evaluation on the training data.

The Cha”enge consists of two Sub_cha”enges_ The goa| The test partition is made available one week before the
of the AU detection sub-challenge is to identify in everychallenge’s paper submission deadline. Again, it consists
frame of a video whether an AU was present or not (i.of one zip file for the AU detection sub-challenge and
it is a multiple label binary classification problem at frameone zip file for the emotion recognition sub-challenge, each
level). The goal of the emotion recognition sub-challergye icontaining a similar directory structure. Only this timeete

to recognise which emotion was depicted in that video, o@fe no labels associated with the test videos. Participants
of five possible choices (i.e. it is a single label multi-slas create predictions with their trained systems, which sthbel

problem at event level). formatted in exactly the same way as the training labels, and
The challenge protocol is divided into five stages: firsBhould be send to the FERA2011 organisers by email, who
interested parties register for the challenge and sign tf@en respond with the computed scores. To allow particpant
EULA to gain access to the training data. Secondly thelp identify major faults in their programmes, they are aktalv
train their systems. In the third stage participants doadlo tWo submissions of their results.
the test partition and generate the results of their systems The scores are computed in terms of F1-measure for AU
Fourthly they send their results to the FERA2011 organisepj@tection and classification rate for emotion detection. To
who calculate their scores, and finally the participantsistib obtain the overall score for the AU-detection sub-chaléeng
a paper describing their approach and reporting their scorave first obtain the F1-score for each AU independently, and
The training data is organised as two zip files, one foihe€n compute the average over all 12 AUs. Similarly, for
each sub-challenge. When unpacked, the zip-files contairthe emotion categories the classification rate is first abthi
directory structure in which every folder contains a singl@€r emotion, and then the average over all 5 emotions is
video and a single text-file with the corresponding labelscomputed. The F1-measure for AUs is computed based on a
For AUs, the label file is1; rows by 50 columns, where; per-frame detection (i.e. an AU prediction has to be spetifie
indicates the number of frames in that video. Each columi®r every frame, for every AU, as being either present or
corresponds to the label for the AU with the same numberbsent). The classification rate for emotions is computed
e.g. the second column contains the labels for AU2. Zerd¥sed on a per-video prediction (event-based detection). |
indicate the absence of an AU, and a one indicates th& calculated per emotion as the fraction of the number of
presence, or activation, of an AU for the correspondinyideos correctly classified as that emotion divided by the
frame. Columns corresponding to non-existing AUs (e_d_otal number of videos of that emotion in the test set.
AU3) are all zero. During speech (coded as AD50), there
is NO coding for AU25 or AU26. Because we make the IV. BASELINE EVALUATION
annotation of AD50 available together with the other AU This is the first time that the GEMEP data is used for
labels, participants are able to exclude sections of speeabtomatic facial expression recognition, which means that
from their training sets for these two AUs. Likewise, for thethere are no other works that participants can compare their
computation of the scores, any detections of AU25 and AU2@iethods with, and no means to check whether the results
during speech will be discarded. For emotions, the labe fileobtained are reasonable. Therefore, in this work we provide
contain a single word indicating what emotion was displayedaseline recognition results using appearance baseddsatu
in the corresponding video. which will allow participants to make this comparison.
In training their systems, participants are encouraged ttandard Viola & Jones face detection, followed by similar
use other databases of FACS AU coding to train their AUHaar-cascade eye detection is applied to each face. The
detection systems. Examples of this are the MMI Facial Exeye locations are used to register for scale and in-plane
pression database [18], as well as the Cohn-Kanade databhead rotation. The features used are Local Binary Patterns
[6]. Because of the nature of the emotion categories in theppearance descriptors (LBP, [9]). As classifier we employ
challenge, it is not possible to use other training data fastandard Support Vector Machines (SVMs) with a radial



f(z,y) can be defined as:

e Hy =Y I(f(z,y)=1),i=0,..,n— 1. (1)
| 'Y
5 _. : where n is the possible labels produced by LBP operator and
- 1 if Ais true
I(4) = { 0 otherwise 2)

Anger:0 Emotion
1 e T

S—— 1 An LBP histogram computed over the whole face image
?mm-- I I‘I“ Ill "lll represents only the occurrences of the patterns without any

' - h indication about their locations. To also consider shaf@r-in
mation of faces, face images were divided into small regions
to extract LBP histograms (as shown in figure 1). The LBP
Fig. 1. Overview of the FERA2011 baseline system for deectf 12  features extracted from each sub-region are concatenated
Action Units and 5 emotions. into a single, spatially enhanced feature histogram. Tta fin
histogram is used as a feature vector to represent face image

A grid size of10 x 10 is used in the experiments.
basis function kernel. We reduce the dimensionality of our

facial expression representation using Principal ComponeB. Training AU detectors

Analysis (PCA). Fig 1 gives an overview of the baseline A separate binary Support Vector Machine (SVM) clas-
system’s approach. sifier was trained for each AU independently. We divided
the set A of AUs into two groupsG: upper-face AUs
. G, = {AU1,AU2, AU4, AU6, AUT}, and lower-face AUs
A. Feature extraction G, = {AU10, AU12, AU15, AU17, AU18, AU25, AU26}.

. — .. The training set for a certain AU consisted of selected frame
Locgl Binary Patterns (LBP) were first introduced by Ojala{hat included this AU (positive examples), selected fraines
etal. .m.[g], and proved FO be a pOV\{erfuI means of textur hich any of the other AUs from the same group was active,

description. By thresholding & x 3 neighbourhood of each lus selected frames displaying a neutral expression
pixel with the central value, the operator labels the pixel£ To select which frames could be used to train. each

;2?0351?:;”3]: tt?]i EBbIIDt IraebS:IISt ggn?ps'lcggrgvzlrjr;tiggi(?nzigi—:é assifier we adopt the method used in [5], that selects from
. every video in the training set only frames with distinct AU
as af texture descriptor. ] combinations. Because this method relies on the avaiabili
Ojala et al. [10] later extended the basic LBP to allowg apelled AU temporal phases, which are not included
a variable number of n_eighbours to be chosen at any rg the GEMEP-FERA2011 dataset, we had to modify this
dius from the central pixel. They also greatly reduced thgehod slightly: First we segment each video into temporal
dimensionality of the operator, by introducing the notidn ocks with distinct AU combinations. These blocks usually
a uniform Local Binary Pattern. A local binary pattern isjgst myltiple frames. We then pick the middle frame of each
called uniform if it contains at most two bitwise transit®on p)ock with a distinct AU combination. If a video has multiple
fr.om 0to 1 or vice versa when the binary string is considereg|ocks with the same AU combination, we take the training
circular [10]. The operator for the general case based Ghyme from the first occurrence of this combination. Note
a circularly symmetric neighbour set of P members on g5t when we select frames fer; € G; with j € {u,1}, we
circle of radiusR, is (:!enoted byLBPp . Superscriptu only look at AU combinations of;.
reflects the use of uniform patterns. Parametecontrols A gitferent set of features was used for upper-face AUs and
the quantisation of the angular space aRddetermines |y er-face AUs. To wit, for each Al € G, we concatenate
_the spatial resolution of the operator. Bilinear ihter;li(_)ial the histograms of the top-five rows of LBP blocks, while for
is used to allow any radius and number of pixels in thech AU € (G, we concatenate the histograms of the bottom
neighbourhoods. five rows. To reduce the dimensionality of the descriptors we
Using only rotation invariant uniform Local Binary Pat- apply PCA, retaining 95% of the energy. Features were then
terns greatly reduces the length of feature vector. The imbormalised to lie in the range-1, 1].
of possible patterns for a neighbourhoodlbfpixels is oFr We emp|0yed an RBF kernel, which means we need to
for the basic LBP while only?” + 2 for LBP". An early set two parameters: the RBF scale parametemand the
stage experiment is conducted to find the optimal parametes/M slack variable(. Parameter optimisation is achieved
for this application, resulting in”> = 8, and R = 1. Hence, using a 5-fold cross-validation on the training set. During
we adoptL BFyg!; descriptor in this paper. parameter optimisation we optimise for the F1-score, net th
The occurrence of the rotation invariant uniform patternslassification rate, as it is the F1 score that will be used
over a region is recorded by a histogram. After applying thas the challenge score. We also make sure that we split
LBP operator to an image, a histogram of the labelled imagae folds along subject divides, i.e. we make sure that data




TABLE Il TABLE IV
F1-MEASURE FORACTION UNIT DETECTION RESULTS ON THE TESTSET 2AFC SCORE FORACTION UNIT DETECTION ON THE TEST SET FOR THE

FOR THE BASELINE METHOD PERFORMANCE IS SHOWN FOR THE BASELINE METHOD. PERFORMANCE IS SHOWN FOR THE PERSON
PERSON INDEPENDENTPI), PERSON SPECIFIGPS),AND OVERALL INDEPENDENT(PI), PERSON SPECIFI§PS),AND OVERALL PARTITIONS.
PARTITIONS. THE LAST COLUMN SHOWS RESULTS OF A NAIVE AU P PS | Overall
CLASSIFIER ON THE OVERALL TEST SET 1 0.845 | 0.613 | 0.790

2 || 0.818| 0.640| 0.767
4 | 0481 0.607| 0526
6 | 0.690 | 0.568 | 0.657
7 || 0572 | 0.530| 0.556
10 || 0577 | 0.627 | 0597
12 || 0.738| 0.700 | 0.724
15 || 0.555| 0.567 | 0.563
17 || 0.679| 0.661 | 0.646
18 || 0.620 | 0.599 | 0.610
25 || 0.544 | 0.669 | 0.593
26 || 0.457 | 0.555 | 0.500
Avg. || 0.631] 0.611| 0.628

AU PI PS Overall | Random
1 0.634 | 0.362 | 0.567 0.506
2 0.675 | 0.400 | 0.589 0.477
4 0.133 | 0.298 | 0.192 0.567
6 0.536 | 0.255 | 0.463 0.626
7 0.493 | 0.481 | 0.489 0.619
10 0.445 | 0.526 | 0.479 0.495
12 0.769 | 0.688 | 0.742 0.739
15 0.082 | 0.199 | 0.133 0.182
17 0.378 | 0.349 | 0.369 0.388
18 0.126 | 0.240 | 0.176 0.223
25 0.796 | 0.809 | 0.802 0.825
26 0.371 | 0.474 | 0.415 0.495

Avg. 0.453 | 0.423 | 0.451 0.512

video shares the same label. The appearance of the facial
expressions however do change within the video, and we
from the same subject never appears in both the trainirgnnot pinpoint emblematic frames. We therefore use every
and evaluation sets. As reported in [5], for AU detectios thiframe of a video as train and test data.
can lead to a performance increase of up to 9% F1-measurefor the emotion classifiers all 10 rows are used. To reduce
compared to randomly splitting the data. the dimensionality of the two feature sets PCA was applied.
: The number of principal components retained was chosen to
C. AU Detection Resuits encode 90% of the variance in the original data.

Table 11l shows the results of the AU detection measured The emotion detection sub-challenge is a 5-class forced
in F1-measure. The table shows results for three differeghoice problem. We train a single one-versus-all SVM clas-
partitions of the test data: the first is the partition of thesifier for each emotion. The five resulting classifiers each
test data of which the test SUbjeCtS are not present in t@ﬁi\/e a predictionye_’j about the presence of emotienfor
training data (Person Independent partition). This partit framej in a test video. To decide the labEl of a video of

shows the ability of AU detection systems to generalisg frames, we find the emotion with the largest number of
to unseen subjects. The second partition of the test dgt@mes classified:

consists of videos of subjects that are also part of theitrgin

set. Participants would thus be able to train subject specifi "
detectors for this partition, and thus obtain a higher score Y = Mginaxzye,j 3)
The third partition is simply the entire (overall) test detis J=1

the performance on the overall partition that will be used tg& Emgtion Detection Results

rank participants. I . .
To assess the quality of the baseline method, we have Classification rates by the baseline method for the emotion

also computed the results for a naive AU detector. Thdetection sub-challenge are shown in Table V. In additian, w

best strategy for a naive classifier in the situation of spar®rovide confusion matrices for the person independeni€Tab

positive examples (i.e. sparse AU activation), is to scdire a1, person specific (Table Vi), and overall partitions ble
|1). Rows are predicted results, columns the ground truth

frames as active. The results are computed over the over}il| k 8
partition, and are shown in the last column of Table IlI. iAs with the AU dgt_ectl(_)n sub-challenge th_e _perforr_nance
shows that the baseline method does not outperform a nafg8 the overall partition is used to rank participants in the
approach for all AUs. This may be due to the fact that whil§Motion detection sub-challenge. _
we choose parameters for optimal F1 measure, the training9in, o assess the quality of the baseline method, we
of an SVM inherently uses classification rate as the value {ifV& compared our results to a naive emotion detector, which
optimise. in this case assigns a uniform random label to each video
in the test set. The results show that this time the baseline

D. Training Emotion detectors approach well exceeds the random method.

The emotion detection sub-challenge calls for the de-
tection of five discrete emotion classes. Each video
has a single emotion labet € FE, where £ = This paper describes the first challenge on Facial Expres-
{Anger, Fear, Joy, Relief, Sadness}. Since the videos do sion Recognition and Analysis, held in conjunction with
not display any apparent neutral frames at the beginnirtbe 9th IEEE International Conference on Face and Gesture
or end of the video, we defined that every frame of &ecognition, March 2011, Santa Barbara, California. The

V. CONCLUSIONS



TABLE V
CLASSIFICATION RATES FOR EMOTION RECOGNITION ON THE TEST SET
FOR THE BASELINE METHOD PERFORMANCE IS SHOWN FOR THE
PERSON INDEPENDENTPI), PERSON SPECIFIGPS),AND OVERALL
PARTITIONS. LAST COLUMN SHOWS OVERALL RANDOM RESULTS

(1]

Action Unit Pl PS Overall | Random

Anger 0.857 | 0.923 0.889 0.222

Fear 0.067 | 0.400 | 0.200 0.160

Joy 0.700 | 0.727 0.710 0.161
Relief 0.313| 0.700 | 0.462 0.115 [2]

Sadness 0.267 | 0.900 | 0.520 0.200

Average 0.441 | 0.730 | 0.556 0.172
[3]

TABLE VI

(4]
(5]

CONFUSION MATRIX FOR PERSON INDEPENDENT EMOTION
RECOGNITION.

pred truth Anger Fear Joy Relief Sadnegs
Anger 12 11 5 0 8 [6]
Fear 0 1 0 0 0
Joy 0 3 14 8 1
Relief 1 0 0 5 2
Sadness 1 0 1 3 4 [7]

challenge consists of a FACS Action Unit detection sub-[s]
challenge and an emotion recognition sub-challenge. This
work outlines the data used for the challenge as well as tth]
challenge protocol. In addition, we've provided a desavipt
of a baseline system that uses Local Binary Pattern features
Principal Component Analysis, and Support Vector Machin
to either detect the activation of AUs per frame, or recognis
emotions in an entire video. The results of the baselin%]
indicate that the data has the right level of difficulty: it is
by no means impossible to detect the desired events, but the
task is challenging. (12]
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TABLE VII [16]
CONFUSION MATRIX FOR PERSON SPECIFIC EMOTION RECOGNITION
pred truth || Anger Fear Joy Relief Sadneds [17]
Anger 12 5 1 1 0
Fear 0 4 0 0 0
Joy 0 1 8 1 1 (18]
Relief 0 0 0 7 0
Sadness 1 0 2 1 9
[19]
TABLE ViIII
CONFUSION MATRIX FOR EMOTION RECOGNITION ON THE OVERALL
TEST SET [20]
pred truth Anger Fear Joy Relief Sadnegs
Anger 24 16 6 1 8
Fear 0 5 0 0 0
Joy 0 4 22 9 2
Relief 1 0 0 12 2
Sadness 2 0 3 4 13
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