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Classification

Fig. 6: General execution pipeline for the different modality fusion approaches. The tensor product symbols represent the modality
fusion strategy. Approach-specific components of the pipeline are represented with different line types: dotted corresponds to early
fusion, dashed to late fusion, dashed-dotted to direct data fusion and gray to sequential fusion.
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Fig. 7: FE datasets. (a) The CK [190] dataset (top) contains posed exaggerated expressions. The CK+ [191] (bottom) extends CK by introducing spontaneous
expressions. (b) MMI [192], the first dataset to contain profile views. (c) MultiPIE [193] has multiview samples under varying illumination conditions. (d) SFEW [194],
an in the wild dataset. (e) Primary FEs in Bosphorus [195], a 3D dataset. (f) KTFE [196] dataset, thermal images of primary spontaneous FEs.

that momentary stress increases the periorbital blood flow,
while if sustained the blood flow to the forehead increases
[197]. Joy decreases the blood flow to the nose, while arousal
increases it to the nose, periorbital, lips and forehead [198].

The fusion approaches followed by these works can be
grouped into three main categories: early, late and sequential
fusion (see Figure 6). Early fusion merges the modalities at
the feature level, while late fusion does so after applying ex-
pression recognition, at the decision level [199]. Early fusion
directly exploits correlations between features from different
modalities, and is specially useful when sources are syn-
chronous in time. However, it forces the classifier /regressor
to work with a higher-dimensional feature space, increasing
the likelihood of over-fitting. On the other hand, late fusion
is usually considered for asynchronous data sources, and
can be trained on modality-specific datasets, increasing the
amount of available data. A sequential use of modalities is
also considered by some multimodal approaches [170].

It is also possible to directly merge the input data from
different modalities, an approach referred in this document
as direct data fusion. This approach has the advantage of
allowing the extraction of features from a richer data source,
but is limited to input data correlated for both spatial and,
if considered, temporal domains.

Regarding early fusion, the simplest approach is plain
early fusion, which consists on concatenating the feature
vectors from both modalities. This is done in [126], [160]
to fuse RGB video and speech. Usually, a feature selection
approach is applied. One such technique is Sequential Back-
ward Selection (SBS), where the least significant feature is
iteratively removed until some criterion is met. In [162] SBS
is used to merge RGB video and speech. A more complex
approach is to use the best-first search algorithm, as done
in [161] to fuse RGB facial and body gesture information.
Other approaches include using 10-fold cross-validation to

evaluate different subsets of features [165] and an Analysis
of Variance (ANOVA) [166] to independently evaluate the
discriminative power of each feature. These two works both
fuse RGB video, gesture and speech information.

An alternative to feature selection is to encode the de-
pendencies between features. This can be done by using
probabilistic inference models for recognition. A Bayesian
Network is used in [163] to infer the emotional state from
both RGB video and speech. In [164] a Multi-stream fused
HMM (MFHMM) models synchronous information on both
modalities, taking into account the temporal component.
The advantage of probabilistic inference models is that
the relations between features are restricted, reducing the
degrees of freedom of the model. On the other hand, it also
means that it s necessary to manually design these relations.
Other inference techniques are also used, such as Fuzzy
Inference Systems (FIS), to represent emotions in a continuous
4-dimensional output space based on grayscale video, audio
and contextual information [169].

Late fusion merges the results of multiple classi-
fiers/regressors into a final prediction. The goal is either to
obtain a final class prediction, a continuous output spec-
ifying the intensity/confidence for each expression or a
continuous value for each dimension in the case of con-
tinuous representations. Here the most common late fusion
strategies used for emotion recognition are discussed, but
since it can be seen as an ensemble learning approach,
many other machine learning techniques could be used. The
simplest approach is the Maximum rule 3, which selects the
maximum of all posterior probabilities. This is done in [162]
to fuse RGB video and speech. This technique is sensible
to high-confidence errors. A classifier incorrectly predicting
a class with high confidence would be frequently selected

3. Also known as the winner takes it all rule
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as winner even if all other classifiers disagree. This can be
partially offset by using a combination of responses, as is
the case of the Sum rule and Product rule. The Sum rule sums
the confidences for a given class from each classifier, giving
the class with the highest confidence as result [108], [161],
[162]. The Product rule works similarly, but multiplying the
confidences [161], [162]. While these approaches partially
offset the single-classifier weakness problem, the strengths
of each individual modality are not considered. The Weight
criterion solves this by assigning a confidence to each classi-
fier output, otputting a weighted linear combination of the
predictions [161], [162], [167], [200]. A rule-based approach
is also possible, where a dominant modality is selected for
each target class [168].

Bayesian Inference is used to fuse predictions of RGB,
speech and lexical classifiers, simultaneously modeling time
[98]. The bayesian framework uses information from previ-
ous frames along with the predictions from each modality
to estimate the emotion displayed at the current frame.

Sequential fusion is a technique that applies the differ-
ent modality predictions in sequential order. It uses the re-
sults of one modality to disambiguate those of another when
needed. Few works use this technique, being an example
[170], a rule-based approach that combines grayscale facial
and speech information. The method uses acoustic data to
distinguish candidate emotions, disambiguating the results
with grayscale information.

3.3 FE datasets

We group datasets” properties in three main categories,
focusing on content, capture modality and participants. In
the content category we refer to the type of content and
labels the datasets provide. We signal intentionality of the
FEs (posed or spontaneous), the labels (primary expressions,
AUs or others where is the case) and if datasets contain still
images or video sequences (static/dynamic). In the capture
category we group datasets by the context in which data
was captured (lab or non-lab) and diversity in perspective,
illumination and occlusions. The last section compiles sta-
tistical data about participants, including age, gender and
ethnic diversity. In Figure 7 we show samples from some of
the most well-known datasets. In Tables 1 and 2 the reader
can refer to a complete list of RGB, 3D and Thermal datasets
and their characteristics.

RGB. One of the first important datasets made public
was the Cohn-Kanade (CK) [190], later extended into what
was called the CK+ [191]. The first version is relatively
small, consisting of posed primary FEs. It has limited
gender, age and ethnic diversity and contains only frontal
views with homogeneous illumination. In CK+, the number
of posed samples was increased by 22% and spontaneous
expressions were added. The MMI dataset was a major
improvement [114]. It adds profile views of not only the
primary expressions but most of the AU of the FACS system.
It also introduced temporal labeling of onset, apex and
offset. Multi-PIE [193] increases the variability by including
a very large number of views at different angles and di-
verse illumination conditions. GEMEP-FERA is a subset of
the emotion portrayal dataset GEMEP, specially annotated
using FACS. CASME [201] is an example of a dataset con-
taining microexpressions. A limitation of most RGB datasets
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is the lack of intensity labels. It is not the case of the DISFA
dataset [202]. Participants were recorded while watching a
video specially chosen for inducing emotional states and 12
AUs were coded for each video frame on a 0 (not present)
to 5 (maximum intensity) scale [202].

While previous RGB datasets record FEs in con-
trolled lab environments, Acted Facial Expressions In The
Wild Database (AFEW) [203], Affectiva-MIT Facial Expression
Dataset (AMFED) [204] and SEMAINE [205] contain faces
in naturalistic environments. AFEW has 957 videos ex-
tracted from movies, labeled with six primary expressions
and additional information about pose, age, and gender of
multiple persons in a frame. AMFED contains spontaneous
FEs recorded in natural settings over the Internet. Metadata
consists of frame by frame AU labelling and self reporting
of affective states. SEMAINE contains primitive FEs, FACS
annotations, labels of cognitive states, laughs, nods and
shakes during interactions with artificial agents.

3D. The most well known 3D datasets are BU-3DFE
[206], Bosphorus [195] (still images), BU-4DFE [207] (video)
and BP4D [38] (video). In BU-3DEFE, 6 expression from 100
different subjects are captured on four different intensity
levels. Bosphorus has low ethnic diversity but it contains
a much larger number of expressions, different head poses
and deliberate occlusions. BU-4DFE is a high-resolution
3D dynamic FE dataset [207]. Video sequences, having 100
frames each, are captured from 101 subjects. It only contains
primary expressions. BU-3DFE, BU-4DFE and Bosphorus
all contain posed expressions. BP4D tries to address this
issue with authentic emotion induction tasks [38]. Games,
film clips and a cold pressor test for pain elicitation were
used to obtain spontaneous FEs. Experienced FACS coders
annotated the videos, which were double-checked by the
subject’s self-report, FACS analysis and human observer
ratings [38].

Thermal. There are few thermal FE datasets, and all of
them also include RGB data. The first ones, IRIS [208] and
NIST/Equinox [209], consist of image pairs labeled with
three posed primary emotions under various illuminations
and head poses. Recently the number of labeled FEs has
increased, also including image sequences. The Natural Visi-
ble and Infrared facial Expression database (NVIE) contains 215
subjects, each displaying six expressions, both spontaneous
and posed [210]. The spontaneous expressions are triggered
through audiovisual media, but not all of them are present
for each subject. In the Kotani Thermal Facial Emotion (KTFE)
dataset subjects display posed and spontaneous motions,
also triggered through audiovisual media [196].

4 HISTORICAL EVOLUTION AND CURRENT TRENDS
4.1 Historical evolution

The first work on AFER was published in 1978 [211]. It was
tracking the motion of landmarks in an image sequence.
Mostly because of poor face detection and face registration
algorithms and limited computational power, the subject re-
ceived little attention throughout the next decade. The work
of Mase and Pentland and Paul Ekman marked a revival of
this research topic at the beginning of the nineties [212],
[213]. The interested reader can refer to some influential
surveys of these early works [214], [215], [216].
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evolutionary [171,172]. [190]. published [207]. recognition and
perspective [5]. 0 Q ) analysis [232].
(o) | | | )
1862 1872 1978 + 2000 ‘ 2006 2008 ‘ 2011 + 2014
| o ] (¢} [¢)
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Duchenne de Boulogne automatic dataset, starting points for [203]. Research on FEA in dataset containing
studies the producing recognition of facial consistently extending RGB naturalistic environments spontaneous
mechanisms of FEs [4]. expressions [211]. FEA to 3D [206]. intensifies. expressions [38].
Fig. 8: Historical evolution of AFER.
TABLE 1: A non-comprehensive list of RGB FE datasets.
[ ] | RGB |
| \ || CK+ ] MPIE [ JAFFE | MMI [ RU_FACS | SEMAINE [ CASME [ DISFA | AFEW [ SFEW | AMFED |
E Intention(Posed /Spontaneous) P P P P S S S S S S S
£ Label(Primary /AU/DA) P/AU P P AU +T P/AU P/AU/DA! P/AU AU +1 P/? P P/AU/Smile
$§ [ Temporality(Static/Dynamic) D S S D D D D D D S D
° Environment(Lab/Non-lab) L L L L L L L L N N N
3 Multiple Perspective o . o . . o o o . . .
e Multiple ITumination o ° o ° o o o o . . °
© Occlusions o ° o o ° o o ° . . °
@ # of subjects 201 337 10 75 100 150 35 27 220 68 5268
.i Ethnic Diverse . . o . o o o ° ° ° °
] Gender(Male /Female(%)) 31/69 70/30 100/0 50/50 - 62/38 37/63 44/56 - - 58/42
» Age 1850 [ p =279 - 19-62 18-30 22-60 =22 18-50 1-70 -

o= Yes, o = No, -

Not enough information. DA: Dimensional Affect, I = Intensity labelling, T = Temporal segments. ' Other labels include Laughs, Nods, Epistemic

states(e.g. Certain, Agreeing, Interested etc.) etc. Refer to original paper for details [205]. 2 Pose, Age, Gender. Refer to original paper for details [203].

TABLE 2: A non-comprehensive list of 3D and Thermal FE datasets.

\ [ I 3D [ RGB+Thermal \
1 | BU-3DFE | BU-4DFE | Bosphorus | BPAD | IRIS | NIST | NVIE | KIFE |
€ | Intention(Posed/Spontaneous) P P P S P P S/pP S/P

£ Label(Primary/AU) PF1 P PJAU AT P P P P
S | Temporality(Static/Dynamic) S D S D S S D D
° Environment(Lab/Non-lab) L L L L L L L L
3 Multiple Perspective . . = . . . . .
o Multiple MMumination o ) [ [ ° . . .
© Occlusions . ) . o . ° ° .
@ # of subjects 100 101 105 41 30 90 215 26
2 Ethnic Diverse . ° [ . . - ° °
-§ Gender(Male /Female(%)) 56/44 57743 43/57 56/44 - - 27/73 | 38/62
@ Age 18-70 18-45 25-35 18-29 - - 17-31 12-32
o= Yes, o = No, - = Not enough information, I = Intensity Iabelling.

In 2000, the CK dataset was published marking the
beginning of modern AFER [139]. While a large number
of approaches aimed at detecting primary FEs or a limited
set of FACS AUs [99], [116], [134], [137], others focused
on a larger set of AUs [114], [127], [139]. Most of these
early works used geometric representations, like vectors
for describing the motion of the face [134], active contours
for describing the shape of the mouth and eyebrows [137],
or deformable 2D mesh models [116]. Others focused on
appearance representations like Gabor filters [99], optical
flow and LBPs [97] or combinations between the two [139].
The publication of the BU-3DFE dataset [206] was a starting
point for consistently extending RGB FE recognition to 3D.
While some of the methods require manual labelling of fidu-
cial vertices during training and testing [118], [131], [217],
others are fully automatic [121], [124], [125], [133]. Most
use geometric representations of the 3D faces, like principal
directions of surface curvatures to obtain robustness to
head rotations [131], and normalized Euclidean distances
between fiducial points in the 3D space [118]. Some encode
global deformations of facial surface (depth differences be-
tween a basic facial shape component and an expressional
shape component) [133] or local shape representations [122].
Most of them target primary expressions [131] but studies
about AUs were published as well [122], [218].

In the first part of the decade static representations were
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the primary choice in both RGB [99], [139], 3D [118], [120],
[125], [131], [133], [219] and thermal [111]. In later years
various ways of dynamic representation were also explored
like tracking geometrical deformations across frames in RGB
[114], [116] and 3D [119], [128] or directly extracting features
from RGB [127] and thermal frame sequences [196], [210].

Besides extended work on improving recognition of
posed FEs and AUs, studies on expressions in ever more
complex contexts were published. Works on spontaneous
facial expression detection [115], [220], [221], [222], analysis
of complex mental states [223], detection of fatigue [224],
frustration [44], pain [185], [186], [225], severity of depres-
sion [53] and psychological distress [226], and including
AFER capabilities in intelligent virtual agents [227] opened
new territory in AFER research.

In summary, research in automatic AFER started at the
end of the 1970’s, but for more than a decade progress was
slow mainly because of limitations of face detection and face
registration algorithms and lack of sufficient computational
power. From RGB static representations of posed FEs, ap-
proaches advanced towards dynamic representations and
spontaneous expressions. In order to deal with challenges
raised by large pose variations, diversity in illumination
conditions and detection of subtle facial behaviour, alterna-
tive modalities like 3D and Thermal have been proposed.
While most of the research focused on primary FEs and
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AUgs, analysis of pain, fatigue, frustration or cognitive states
paved the way to new applications in AFER.

In Figure 8 we present a timeline of the historical evolu-
tion of AFER. In the next sections we will focus on current
important trends.

4.2 Estimating intensity of facial expressions

While detecting FACS AUs facilitates a comprehensive anal-
ysis of the face and not only of a small subset of so called
primary FEs of affect, being able to estimate the intensity of
these expressions would have even greater informational
value especially for the analysis of more complex facial
behaviour. For example, differences in intensity and its tim-
ing can distinguish between posed and spontaneous smiles
[228] and between smiles perceived as polite versus those
perceived as embarrassed [229]. Moreover, intensity levels
of a subset of AUs are important in determining the level of
detected pain [230], [231].

In recent years estimating intensity of facial expressions
and especially of AUs has become an important trend in
the community. As a consequence the Facial Expression and
Recognition (FERA) challenge added a special section for
intensity estimation [232], [233]. This was recently facilitated
by the publication of FE datasets that include intensity labels
of spontaneous expression in RGB [202] and 3D [38].

Even though attempts in estimating FE intensity have
existed before [234], the first seminal work was published
in 2006 [235]. It observed a correlation between a classifier’s
output margin, in this case the distance to the hyperplane
of a SVM classification, and the intensity of the facial ex-
pression. Unfortunately this was only weakly observered
for spontaneous FEs.

A number of studies question the validity of estimat-
ing intensity from distance to the classification hyperplane
[236], [237], [238]. In two works published in 2011 and 2012
Savran et al. made an excellent study of these techniques
providing solutions to their main weak points [236], [237].
They comment that such approaches are designed for AU
not intensity detection and the classifier margin does not
necessarily incorporate only intensity information. More
recently, [238] found that intensity-trained multiclass and
regression models outperformed binary-trained classifier
decision values on smile intensity estimation across multiple
databases and methods for feature extraction and dimen-
sionality reduction.

Other works consider the possible advantage of using 3D
information for intensity detection. [236] explores a compar-
ison between regression on SVM margins and regression on
image features in RGB, 3D and their fusion. Gabor wavelets
are extracted from RGB and curvatured maps from 3D
captures. A feature selection step is performed from each of
the modalities and from their fusion. The main assumption
would be that for different AUs, either RGB or 3D repre-
sentations could be more discriminative. Experiments show
that 3D is not necessarily better than RGB; in fact, while
3D shows improvements on some AUs, it has performance
drops on other AUs, both in the detection and intensity esti-
mation problems. However, when 3D is fused with RGB, the
overall performance increases significantly. In [237], Savran
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et al. try different 3D surface representations. When evalu-
ated comparatively, RGB representation performs better on
the upper face while 3D representation performs better on
the lower face and there is an overall improvement if RGB
and 3D intensity estimations are fused. This might be the
case because 3D sensing noise can be excessive in the eye
region and 3D misses the eye texture information. On the
other hand, larger deformations on the lower face make
3D more advantageous. Nevertheless, correlations on upper
face are significantly higher than the lower face for both
modalities. This points out to the difficulties in intensity
estimation for the lower face AUs (see Figure 4).

A different line of research analyzes the way geometrical
and appearance representations could combine for opti-
mizing AU intensity estimation [49], [239]. [239] analyzes
representations best suited for specific AUs. An assumption
is made that geometrical representations perform better for
AUs related to deformations (lips, eyes) and appearance
features for other AUs (e.g. cheeks deformations). Testing
of various descriptors is done on a small subset of specially
chosen AUs but without a clear conclusion. On the other
hand [49] combines shape with global and local appear-
ance features for continuous AU intensity estimation and
continuous pain intensity estimation. A first conclusion is
that appearance features achieve better results than shape
features. Even more, the fusion between the two appearance
representations, DCT and LBP, gives the best performance
even though a proper alignment might improve the con-
tribution of the shape representation as well. On the other
hand this approach is static, which would fail to distinguish
between eye blink and eye closure, and does not exploit the
correlations between apparitions of different AUs. In order
to overcome such limitations some works use probabilistic
models of AUs combination likelihoods and intensity priors
for improving performance [240], [241].

In summary, estimating facial AUs intensity followed
a few distinct approaches. First, some researchers made a
critical analysis about the limitations of estimating intensity
from classification scores [236], [237], [238]. As an alterna-
tive, direct estimation from features was analyzed. Further
studies on optimal representations for intensity estimation
of different AUs were published either from the points
of view of geometrical vs appearance representations [49],
[239] or the fusion between RGB and 3D [236], [237]. Finally,
a third main research direction was focused on modelling
the correlations between AUs appearance and intensity
priors [240], [241]. Some works are treating a limited subset
of AUs while others are more extensive. All the presented
approaches use predesigned representations. While the vast
majority of the works are performing a global feature ex-
traction with or without selecting features there are cases of
sparse representations [242]. In this paper we have analyzed
AU intensity estimation but significant works in estimating
intensity of pain [49], [231] or smile [243], [244] also exist.

4.3 Microexpressions analysis

Microexpressions are brief FEs that people in high stake situ-
ations make when trying to conceal their feelings. They were
first reported by Haggard and Issacs in 1966 [245]. Usually
a microexpression lasts between 1/25 and 1/3 of a second
and has low intensity. They are difficult to recognize for

0162-8828 (c) 2015 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission. See http://www.ieee.org/publications_standards/publications/rights/index.html for more information.



This article has been accepted for publication in a future issue of this journal, but has not been fully edited. Content may change prior to final publication. Citation information: DOI 10.1109/TPAMI.2016.2515606, IEEE

Transactions on Pattern Analysis and Machine Intelligence

an untrained person. Even after extensive training, human
accuracies remain low, making an automatic system highly
useful. The presumed repressed character of microexpres-
sions is valuable in detecting affective states that a person
may be trying to hide.

Microexpressions differ from other expessions not only
because of their short duration but also because of their
subtleness and localization. These issues have been ad-
dressed by employing specific capturing and representation
techniques. Because of their short duration microexpres-
sions may be better captured at greater than 30 fps. As
with spontaneous FEs, which are shorter and less intense
than exaggerated posed expressions, methods for recog-
nizing microexpressions take into account the dynamics
of the expression. For this reason, a main trend in mi-
croexpression analysis is to use appearance representations
captured locally in a dynamic way [246], [247], [248]. In
[249] for example, the face is divided into specific regions
and posed microexpressions in each region are recognized
based on 3D-gradient orientation histograms extracted from
sequences of frames. [246] on the other hand use optical
flow to detect strain produced on the facial surface caused
by nonrigid motion. After macroexpressions have been pre-
viously detected and removed from the detection pipeline,
posed microexpressions are spotted without doing classifi-
cation [246], [247]. [250], another method that first extracts
macroexpressions before spotting microexpressions. Unlike
other similar methods microexperessions are also classified
into the 6 primary FEs.

A problem in the evolution of microexpression analysis
has been the lack of spontaneous expression datasets. Before
the publication of the CASME and the SMIC dataset in 2013,
methods were usually trained with posed non-public data
[246], [247], [249]. [248] proposes the first microexpressions
recognition system. LBP-TOP, an appearance descriptor is
locally extracted from video cubes. Microexpressions de-
tection and classification with high recognition rates are
reported even at 25fps. Alternatively, existing datasets, such
as BP4D, could be mined for microexpression analysis. One
could identify the initial frames of discrete AUs, to mimic
the duration and dynamic of microexpressions.

In summary, microexpressions are brief, low intensity
FEs believed to reflect repressed feelings. Even highly
trained human experts obtain low detection rates. An auto-
matic microexpression recognition system would be highly
valuable for spotting feelings humans are trying to hide.
Due to their briefness, subtleness and localization most of
methods in recent years have used local, dynamic, appear-
ance representations extracted from high frequency video
for detecting and classifying posed [246], [247], [249] and
more recently spontaneous microexpressions [248].

4.4 AFER for detecting non-primary affective states

Most of AFER was used for predicting primary affective
states of basic emotions, such as anger or happiness but
FEs were also used for predicting non-primary affective
states such as complex mental states [223], fatigue [224],
frustration [44], pain [185], [186], [225], depression [53],
[251], mood and personality traits [252], [253].

Approaches related to mood prediction from facial cues
have pursued both descriptive (e.g., FACS) and judgmental
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approaches to affect. In a paper from 2009, Cohn et al.
studied the difference between directly predicting depres-
sion from video by using a global geometrical represen-
tation (AAM), indirectly predicting depression from video
by analyzing previously detected facial AUs and prediction
depression from audio cues [187]. They concluded that spe-
cific AUs have higher predictive power for depression than
others suggesting the advantage of using indirect represen-
tations for depression prediction. The AVEC, a challenge,
is dedicated to dimensional prediction of affect (valance,
arousal, dominance) and depression level prediction. The
approaches dedicated to depression prediction are mainly
using direct representations from video without detect-
ing primitive FEs or AUs [254], [255], [256], [257]. They
are based on local, dynamic representations of appearance
(LBP-TOP or variants) for modelling continuous classifica-
tion problems. Multimodality is central in such approaches
either by applying early fusion [256] or late fusion [257] with
audio representations.

As humans rely heavily on facial cues to make judg-
ments about others, it was assumed that personality could
be inferred from FEs as well. Usually studies about person-
ality are based on the BigFive personality trait model which
is organized along five factors: openness, conscientiousness,
extraversion, agreeableness, and neuroticism. While there
are works on detecting personality and mood from FEs only
[252], [253] the dominant approach is to use multimodality
either by combining acoustic with visual cues [252], [258] or
physiological with visual cues [259]. Visual cues can refer
to eye gaze [260], [261], frowning, head orientation, mouth
fidgeting [260], primary FEs [252], [253] or characteristics
of primary FEs like presence, frequency or duration [252].
In [252], Biel et al. use the detection of 6 primary FEs and
of smile to build various measures of expression duration
or frequency. They show that using FEs is achieving better
results than more basic visual activity measures like gaze
activity and overall motion of the head and body; however
performance is considerably worse than when estimating
personality from audio and especially from prosodic cues.

In summary, in recent years, the analysis of non-primary
affective states mainly focused on predicting depression.
For predicting levels of depression, local, dynamic rep-
resentations of appearance were usually combined with
acoustic representations [254], [255], [256], [257]. Studies
of FEs for predicting personality traits had mixed conclu-
sions until now. First, FEs were proven to correlate better
than visual activity with personality traits [187]. Practically
though, while many studies have showed improvements of
prediction when combined with physiological or acoustic
cues, FEs remain marginal in the study of personality trait
prediction [252], [258], [260], [261].

4.5 AFER in naturalistic environments

Until recently AFER was mostly performed in controlled
environments. The publication of two important natural-
istic datasets, AMFED and AFEW marked an increasing
interest in naturalistic environment analysis. AFEW, Acted
Facial Expressions in the Wild dataset contains a collection
of sequences from movies labelled for primitive FEs, pose,
age and gender among others [203]. Additional data about
context is extracted from subtitles for persons with hearing
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impairment. AMFED on the other hand, contains videos
recording reactions to media content over the Internet. It
mostly focuses on boosting research about how attitude
to online media consumption can be predicted from facial
reactions. Labels of AUs, primitive FEs, smiles, head move-
ments and self reports about familiarity, liking and disposal
to rewatch the content are provided.

FEs in naturalistic environments are unposed and typi-
cally of low to moderate intensity and may have multiple
apexes (peaks in intensity). Large head pose and illumina-
tion diversity are common. Face detection and alignment is
highly challenging in this context, but vital for eliminating
rigid motion and head pose from facial expressions. Not
surprisingly, in an analysis of errors in AU detection in
three-person social interactions, [262] found that head yaw
greater than 20 degrees was a prime source of error. Pixel
intensity and skin color, by contrast, were relatively benign.

While approaches to FE detection in naturalistic en-
vironments using static representations exist [194], [263],
dynamic representations are dominant [108], [113], [146],
[147], [264], [265]. This follows the tendency in spontaneous
FE recognition in controlled environments where dynamic
representations improve the ability to distinguish between
subtle expressions. In [146], spatio-temporal manifolds of
low level features are modelled, [264] uses a maximum of
a BoW (Bag of Words) pyramid over the whole sequence,
[147] captures spatio-temporal information through autoen-
coders and [113] uses CRFs to model expression dynamics.

Some of the approaches use predesigned representations
[194], [263], [264], [265], [266] while recent successful ap-
proaches learn the best representation [146], [147], [152] or
combine predesigned and learned features [108]. Because of
the need to detect subtle changes in the facial configura-
tion, predesigned representations use appearance features
extracted either globally or locally. Gehrig et al. in their
analysis of the challenges of naturalistic environments use
DCT, LBP and Gabor Filters [263], Sikka et al. use dense
multi-scale SIFT BoWs, LPQ-TOP, HOG, PHOG and GIST
to get additional information about context [264], Dhall et
al. use LBP, HOG and PHOG in their baseline for the SFEW
dataset (static images extracted from AFEW) [194] and LBP-
TOP in their baseline for the EmotiW 2014 challenge [266],
and Liu et al. use convolution filters for producing mid-level
features [146].

Some representative approaches using learned represen-
tation were recently proposed [108], [146], [147], [152]. In
[152], a BDBN framework for learning and selecting features
is proposed. It is best suited for characterizing expression-
related facial changes. [147] proposes a configuration ob-
tained by late fusing spatio-temporal activity recognition
with audio cues, a dictionary of features extracted from the
mouth region and a deep neural network for FEs recogni-
tion. In [108], predesigned (HOG, SIFT) and learned (deep
CNN features) representations are combined and different
image set models are used to represent the video sequences
on a Riemannian manifold. In the end, late fusion of clas-
sifiers based on different kernel methods (SVM, Logistic
Regression, Partial Least Squares) and different modalities
(audio and video) is conducted for final recognition results.
Finally, [113] encodes dynamics with a Variable-State Latent
Conditional Random Fields (VSL-CRF) model that automati-
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cally selects the optimal latent states and their intensity for
each sequence and target class.

Most approaches presented target primitive FEs. Meth-
ods for recognizing other affective states have also been
proposed, namely cognitive states like boredom, confusion,
delight, concentration and frustration [267], positive and
negative affect from groups of people [268] or liking/not-
linking of online media for predicting buying behaviour for
marketing purposes [269].

In summary, large head pose rotations and illumination
changes make FE recognition in naturalistic environments
particularly challenging. FEs are by definition spontaneous,
usually have low intensity, can have multiple apexes and
can be difficult to distinguish from facial displays of speech.
Even more, multiple persons can express FEs simultane-
ously. Because of the subtleness of facial configurations most
predesigned representations are dynamically extracting the
appearance [263], [264], [265], [266]. Recently successful
methods learn representations [108], [146], [147], [152] from
sequences of frames. Most approaches target primitive FEs
of affect, but others recognize cognitive states [267], pos-
tive and negative affect from groups of people [268] and
liking /not-linking of online media for predicting buying
behaviour for marketing purposes [269].

5 DISCUSSION

By looking at faces humans extract information about each
other, such as age, gender, race, and how others feel
and think. Building automatic AFER systems would have
tremendous benefits. Despite significant advances, auto-
matic AFER still faces many challenges like large head
pose variations, changing illumination contexts and the
distinction between facial display of affect and facial dis-
play caused by speech. Finally, even when one manages to
build systems that can robustly recognize FEs in naturalistic
environments, it still remains difficult to interpret their
meaning. In this paper we have focused in providing a
general introduction into the broad field of AFER. We have
started by discussing how affect can be inferred from FEs
and its applications. An in-depth discussion about each step
in a AFER pipeline followed, including a comprehensive
taxonomy and many examples of techniques used on data
captured with different video sensors (RGB, 3D, Thermal).
Then, we have presented important recent evolutions in the
estimation of FE intensities, recognition of microexpressions
and non-primary affective states and analysis of FEs in
naturalistic environments.

Face localization and registration. When extracting FE
information, techniques vary according to both modality
and temporality. Regardless of these approaches, a com-
mon pipeline has been presented which is followed by
most methods, consisting of face detection, face registration,
feature extraction and recognition itself. When combining
multiple modalities, a fifth fusion step is added to the
pipeline. Depending on the modality, this pipeline can vary
slightly. For instance, face registration is not feasible for
thermal imaging due to the dullness of the captured im-
ages, which in turn limits feature extraction to appearance-
based techniques. The techniques applied to obtain the facial
landmarks are different for RGB and 3D, being these feature
detection and shape registration problems respectively. The
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pipeline may also vary for some methods, which may not
require face alignment for some global feature-extraction
techniques, and may perform feature extraction implicitly
with recognition, as is the case of deep learning approaches.

The first two steps of the pipeline, face localization and
2D/3D registration, are common to many facial analysis
techniques, such as face and gender recognition, age esti-
mation and head pose recovery. This work introduces them
briefly, referring the reader to more specific surveys for each
topic [176], [180], [181]. For face localization, two main fam-
ilies of methods have been found: face detection and face
segmentation. Face detection is the most common approach,
and is usually treated as a classification problem where a
bounding box can either be a face or not. Segmentation
techniques label the image at the pixel level. For face reg-
istration, 2D (RGB/thermal) and 3D approaches have been
discussed. 2D approaches solve a feature detection problem
where multiple facial features are to be located inside a facial
region. This problem is approached either by directly fitting
the geometry to the image, or by using deformable models
defining a prototypical model of the face and its possible
deformations. 3D approaches, on the other hand, consider a
shape registration problem where a transform is to be found
matching the captured shape to a model. Currently the main
challenge is to improve registration algorithms to robustly
deal with naturalistic environments. This is vital for dealing
with large rotations, occlusions, multiple persons and, in the
case of 3D registration, it could also be used for synthesising
new faces for training neural networks.

Feature extraction. There are many different aproaches
for extracting features. Predesigned descriptors are very
common, although recently deep learning techniques such
as CNN and DBN have been used, implicitly learning the
relevant features along with the recognition model. While
automatically learned techniques cannot be directly classi-
fied according to the nature of the described information,
predesigned descriptors exploit either the facial appearance,
geometry or a combination of both. Regardless of their
nature, many methods exploit information either at a local
level, centering on interest regions sometimes defined by
AUs based on the FACS/FAP coding, or at a global level,
using the whole facial region. These methods can describe
either a single frame, or dynamic information. Usually,
representing the differences between consecutive frames is
done either through shape deformations or appearance vari-
ations. Other methods use 3D descriptors such as LBP-TOP
for directly extracting features from sequences of frames.

While these types of feature extraction methods are
common to all modalities, it has been found that thermal
images are not fit to extract geometric information due
to the dullness of the captured image. In the RGB case,
geometric information is never extracted at the local static
level. While it should be possible to do so, we hypothesise
that current 2D registration techniques lack the level of
precision required to extract useful information from local
shape deformations. In the case of learned features, to the
best of our knowledge, dynamic feature extraction has not
been attempted. It is clearly possible to do so though, and it
has been done for other problems.

In the case of AU intensity estimation many studies were
published either from the point of view of geometrical vs
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appearance representations [49], [239] or the fusion between
RGB and 3D [236], [237]. Because of the scarcity of intensity
labeled data, to the best of our knowledge all approaches
until now have used predesigned representations. While
the vast majority of the works perform a global feature
extraction with or without selecting features there are cases
of sparse representations, most notably in the work of Jeni et
al. [242]. Due to their briefness, subtleness and localization,
most of the methods for detecting microexpressions use
local, dynamic, appearance representations extracted from
high frequency video. Detection and classification of posed
[246], [247], [249] and more recently spontaneous microex-
pressions [248] have been proposed. For predicting levels
of depression, local, dynamic representations of appearance
were usually combined with acoustic representations [254],
[255], [256], [257]. Because of the subtleness of facial con-
figurations in naturalistic environments most predesigned
representations are dynamically extracting the appearance
[263], [264], [265], [266]. Recently successful methods in
naturalistic environments learn representations [108], [146],
[147], [152] from sequences of frames. As the amount of
labelled data increases, learning the representations could
be a future trend in intensity estimation. More complex
representation schemes for recognizing spontaneous mi-
croexpressions and approaches combining RGB with other
modalities, especially 3D, for microexpression analysis is
also a direction we foresee.

Recognition. Recognition approaches infer emotions or
mental states based on the extracted FE features. The vast
majority of techniques use a multi-class classification model
where a set of emotions (usually the six basic emotions
defined by Ekman) or mental states are to be detected. A
continuous approach is also possible. In the continuous case,
emotions are represented as points in a pre-defined space,
where usually each dimension corresponds to an expressive
trait. This representation has advantages such as the abil-
ity to unsupervisedly define emotions and mental states,
and discriminate subtle expression differences. The ease of
interpretation of multi-class approaches made continuous
approaches less frequent. Recognition is also divided into
static and dynamic approaches, with static approaches being
dominated by conventional classification and regression
methods for categorical and continuous problems respec-
tively. In the case of dynamic approaches, usually dynamic
Bayesian Network techniques are used, but also others
such as Conditional Random Forests and recurrent neural
networks.

Many methods focus on recognizing a limited set of
primary emotions (usually 6) [115], [116], [123], [130], [137],
[145], [146]. This is mainly due to a lack of more diverse
datasets. Increasing the number of recognized expressions
usually follows two main directions. First, expressions can
be encoded based on FACS AUs [99], [113], [127], [139]
instead of directly being classified. This provides a compre-
hensive coding of FEs without directly making a judgement
on their intentionality. Other methods exploit additional
information provided by 3D facial data. Capturing depth
information has important advantages over traditional RGB
datasets. It is more invariant to rotation and illumination
and captures more subtle changes on the face. This is useful
for detecting microexpressions and facilitates recognizing a
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wider range of expressions, which would be more difficult
with RGB alone.

In recent years, a critical analysis has been made about
the limitations of estimating AUs intensity from classifica-
tion scores [236], [237], [238] and estimation directly from
features were analysed. Research suggests that using clas-
sifier scores for predicting intensity is conceptually wrong
and that intensity levels should be directly learned from the
ground truth [238]. Some works treat a limited subset of
AUs while other are more extensive. Usually we talk about
AU intensity estimation, but significant works in estimating
intensity of pain [49], [231] or smile [243], [244] also exist.
Starting with the publication of the BU-3DFE dataset which
provides four different intensity levels for every expression,
advancements in recognizing primary expressions from 3D
samples were made [118], [120], [124], [125], [131], [133],
[217]. In naturalistic environments, most approaches target
primitive FEs of affect. Methods for recognizing cognitive
states [267], positive and negative affect from groups of peo-
ple [268] or liking /not-linking of online media for predicting
buying behaviour for marketing purposes [269] are also
common. Probably a major trend in the future will be taking
into account context and recognizing ever more complex
FEs from multiple data sources. Additionally, a recent trend
which remains to be further exploited is mapping faces to
continuous emotional spaces.

Multimodal fusion. Multimodality can enrich the repre-
sentation space and improve emotion inference [270], [271],
either by using different video sensors (RGB, Depth, Ther-
mal) or by combining FEs with other sources such as body
pose, audio, language or physiological information (brain
signals, cardiovascular acivity etc.). Because the different
modalities can be redundant, concatenating features might
not be efficient. A common solution is to use fusion (see
Section 3.2.5 for details). Four main fusion approaches have
been identified: direct, early, late and sequential fusion,
in most cases using conventional fusion techniques. Some
more advanced late fusion techniques have been identified
such as fuzzy inference systems and bayesian inference.
The advantage of these methods lies on the introduction
of complementary sources of information. For instance,
the radiance at different facial regions, captured through
thermal imaging, varies according to changes in the blood
flow triggered by emotions [198], [210]. Context (situation,
interacting persons, place etc) can also improve emotion
inference [272], [273]. [274] shows that the recognition of
FE is strongly influenced by the body posture and that this
becomes more important as the FE is more ambiguous. In
another study, it is shown that not only emotional arousal
can be detected from visual cues but voice can also provide
indications of specific emotions through acoustic properties
such as pitch range, rhythm, and amplitude or duration
changes [156]. In the case of mood and personality traits
prediction fusion of acoustic and visual cues has been ex-
tensively exploited. Conclusions were mixed. First, FEs were
proven to correlate better than visual activity with personal-
ity traits [187]. Practically though, while many studies have
showed improvements of prediction when combined with
physiological or acoustic cues, FEs remain marginal in the
study of personality trait prediction [252], [258], [260], [261].
We think years to come will probably bring improvements
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towards integration of visual and non-visual modalities, like
acoustic, language, gestures, or physiological data coming
from wearable devices.
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