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A B S T R A C T
Continuous dimensional models of human affect, such as those based on valence and arousal, have been
shown to be more accurate in describing a broad range of spontaneous, everyday emotions than the more
traditional models of discrete stereotypical emotion categories (e.g. happiness, surprise). However, most
prior work on estimating valence and arousal considered only laboratory settings and acted data. It is unclear
whether the ﬁndings of these studies also hold when the methodologies proposed in these works are tested
on data collected in-the-wild. In this paper we investigate this. We propose a new dataset of highly accurate per-frame annotations of valence and arousal for 600 challenging video clips extracted from feature
ﬁlms (also used in part for the AFEW dataset). For each video clip, we further provide per-frame annotations of 68 facial landmarks. We subsequently evaluate a number of common baseline and state-of-the-art
methods on both a commonly used laboratory recording dataset (Semaine database) and the newly proposed
recording set (AFEW-VA). Our results show that geometric features perform well independently of the settings. However, as expected, methods that perform well on constrained data do not necessarily generalise
to uncontrolled data and vice-versa.
© 2017 Elsevier B.V. All rights reserved.

1. Introduction
A lot of work has been done in the ﬁeld of Facial Expression Recognition to detect Facial Action Units [1–3] or, directly, a discrete set
of basic or non-basic emotions. However, recently, psychologists and
researchers in computer vision often focus on continuous dimensional
affect analysis such as the analysis of valence and arousal [4,5].
When we speak about “automatic continuous analysis of valence
and arousal in-the-wild”, we refer to the automatic estimation of:
1. Intensity of valence – how negative or positive the experience
is, and
2. Intensity of arousal – how calming or exciting the experience is,
as shown in the target recordings of spontaneous facial behaviour
acquired in unconstrained (uncontrolled) conditions.
This problem is challenging for a number of reasons [6]. In general,
spontaneous facial expressions are characterized by subtle, minimal facial deformations which are diﬃcult to track, and frequent
夽 This paper has been recommended for acceptance by Mohammad Soleymani.
* Corresponding author.
E-mail address: jean.kossaiﬁ@gmail.com (J. Kossaiﬁ).

out-of-plane head movements whose effects are diﬃcult to remove.
Additionally, similar intensity levels of valence (and arousal) may
share a number of common changes in motion and morphology of
facial features. These challenges require a ﬁne-grained approach which
would be capable of identifying the most relevant facial parts and
their subtle movements to attain continuous dimensional facial affect
estimation.
A literature review suggests that most of these challenges have
not been satisfactorily addressed yet. This is mostly due to the fairly
limited amount of relevant data. In particular, widely used datasets
for evaluating approaches to valence and arousal estimation are all
captured in laboratory, controlled settings, with a limited range of
face poses and occlusion. Since state-of-the-art methods typically
ground their valence and arousal estimation on such data, it remains
unclear whether these methods still perform well in videos collected
in-the-wild.
Moreover, widely used datasets in the ﬁeld contain recordings of
emotional reactions elicited by a rather limited number of tasks, or in
a restrictive setting. This simpliﬁes the problem and again, it remains
unclear whether the methods tested on such data could perform well
on data recorder in unconstrained conditions. In general, we observe
that there is scant work in the ﬁeld focusing on incorporating robustness mechanisms for addressing uncertainty and noise of real-world
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settings. Consequently, we believe that current best performers on
existing valence and arousal benchmark datasets may exhibit serious
limitations on data collected in-the-wild.
To address this lack of data recorded in the wild, we present a
new dataset – called AFEW-VA – of highly accurate per-frame annotations of valence and arousal for 600 challenging, real-world video
clips extracted from feature ﬁlms (also used in part for the AFEW
database [7,8]). Added to these are per-frame annotations of 68 facial
landmarks. The dataset has been made publicly available.1
Other contributions of the paper are:
• We introduce a novel annotation scheme that addresses the
problems exhibited by existing annotation tools, namely delays
between the annotation and the video, laps in concentration,
inaccuracy of the annotations due to the sensitivity of the
joystick or slider and inability to annotate remotely or online.
• We provide baseline results on the newly introduced database
and compare the performance of various features.
• We compare baseline and state-of-the-art methods for performance on both a standard controlled database (Semaine [9])
and the new database (AFEW-VA).
The results show that methods performing well in controlled
environments do not necessarily perform as well in unconstrained
conditions. They also demonstrate the descriptive power of geometric features.
2. Related work for continuous valence and arousal estimation
While there is a lot of work on audio-based valence and arousal
estimation [4], we focus here on video-based and audio/video-based
valence and arousal estimation given that the majority of published
methods address this problem. Both valence and arousal are deﬁned
as continuous emotional dimensions. Therefore, it seems suitable to
study them directly in the continuous domain. Even though much
of the early work considered coarse levels of valence and arousal
(e.g. positive vs negative), and posed the problem as one of classiﬁcation [10], more recent work casts the problem in the continuous
domain [4,6,11].
Very important progress in the ﬁeld came with the introduction
of the AVEC challenges, in 2011. It started with a subset of the
Semaine dataset [40], it originally formulated the problem as one
of classiﬁcation, using binarized values (±1), before moving to continuous annotations in 2012, still on the Semaine data [41]. The
best results obtained that year were an average Pearson Correlation
Coeﬃcient (PCC) of 0.456 [15]. The 2013 and 2014 editions of the
challenge used the audio-visual depression language corpus [42,43].
The best results obtained on that corpus were lower than in the
ﬁrst year with a PCC of 0.1409 in 2013 [22] but improved to 0.5946
for the best performer in 2014 [23]. Note however that the latter
performance was obtained using metadata and a template matching
based method (i.e. prototypical valence and arousal episodes) rather
than a classical regression based method using audio-video features.
From the 2015 edition of the AVEC challenge, the RECOLA dataset
was used [44]. RECOLA is a challenging dataset and yet the results
obtained on this data were good. For instance, the best performer
in the 2015 edition of the challenge obtained an average PCC of
0.685 [33], while the best performer in 2016 obtained an average
PCC of 0.731 [34]. Note that the latter results were obtained with a
fusion of audio, video and physiological features. Using only video,
the average PCC reported is of 0.482. For a detailed summary of
methods for valence and arousal estimation, the interested reader
is referred to the recent surveys [4,6]. In what follows, we explain
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the most common approaches to automatic, continuous estimation
of valence and arousal, summarised in Table 1.
There are several approaches to valence and arousal estimation,
the most obvious of which is static regression, such as linear regression [25,37], partial least squares regression [22], or Support Vector
Machine for Regression (SVR) [12,21,38], which is also frequently
used as a baseline method [11,41-43]. In [21], SVR is combined with
canonical correlation analysis (CCA) to iteratively fuse predictions.
SVR is also employed in the work of [23] but its use differs in that
template trajectories for each emotional dimension are ﬁrst built and
then matched to a new testing sample using metadata as features.
Meta-data is also used in [16] where audio, video and contextual
(meta-data) features are combined in a multimodal fuzzy inference
system. More powerful kernel based methods can be used such as
Nadaraya-Watson kernel regression [15] or Doubly Sparse Relevance
Vector Machine [3] that can impose sparsity on both the kernels and
the training samples.
When dealing with several features, e.g. geometric and appearance
features, or multiple modalities, e.g. audio and video, the question
of how to fuse them arises. There are four main types of fusions:
feature level (early fusion), decision level (late fusion), model-level
and output-associative fusion [10,45]. In the early-fusion case, the
features are combined most commonly by simply concatenating them
and using the output for estimation (e.g. as is done in [30] for predicting
valence). However, in general, this approach tends to create very high
dimensional feature vectors and lead to overﬁt.
Late fusion is the process of ﬁrst generating separate estimations
from each modality before combining – fusing – them into one ﬁnal
estimation. This fusion can be achieved in numerous ways, from simple mapping, e.g. averaging, as in [29], to more complex methods
such as linear and multi-linear regression [15,25,26,28,30,37,38],
SVR [39], random forests [32] or Kalman ﬁlters based [34–36]. This
type of late fusion is akin to stacking, a classical ensemble learning
technique.
Ensemble methods such as Random Forests or boosting are indeed
frequently chosen for valence and arousal estimation because of their
robustness. Random Forests are used in [36] to obtain single-cue
predictions that are combined with linear regression. [28] combines boosted Regression Trees and Linear Regression with a special
regularization to account for temporal correlation. In [19], a randomforest based method is used to jointly recover 3D facial landmarks
and the continuous emotional labels. In [29], random forests and
gradient boosting are used and their results reﬁned with stochastic
gradient descent. Finally, a CCA-based ensemble method is proposed
in [24], inspired by the earlier work on Correlated-Spaces Regression
of [17].
Model-level fusion consists of letting the model combine the
features. An example is the work of [3] where the model jointly
selects the most relevant training example and kernels. Correlated
Spaces Regression [17] performs model-level fusion by ﬁnding a
latent correlated subspace between all the features and the labels. A
related approach is the work by Panagakis et al. [5] (this is a robust
method, tested for interest intensity estimation in the wild, an emotional dimension closely related to arousal). In [12], the different
types of fusion are compared using LSTM based models. Modellevel fusion is found to largely outperform feature level fusion but
underperform compared to output-associative fusion.
Output-associative fusion is a hybrid fusion method that has the
potential to leverage both the advantage of early fusion and the
self-dependency of the targets. It was introduced for continuous
valence and arousal estimation in the seminal work of Nicolaou et al.,
ﬁrst with Output-Associative Bidirectional Long Short Term Neural
Networks (OA-BLSTMs) [12], then OA-Relevance Vector Machines
(OA-RVMs) [13,14]. The same approach was recently used in the
AVEC challenge by the work [27], which combines early, outputassociative and late fusion.
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Table 1
Recently published methods for continuous valence and arousal estimation on existing databases. Modalities are indicated as A: audio, V: video, P: physiological and M: meta-data.
Methods are abbreviated as LR: linear regression, RF: random forest, SVR: support vector machines for regression, N-W: Nadaraya-Watson, CSR: Correlated-Spaces Regression,
OA: output associative, RVM: relevance vector machines, PLS: Partial Least Squares, CCRF: Continuous Conditional Random Field, RNN: recurrent neural network, (B)LSTM:
(bidirectional) long short term memory, DNN: deep neural networks, SGD: stochastic gradient descent. For each work, the best results in term of Pearson’s product-moment
correlation coeﬃcient (PCC) on the testing set is reported when available. ∗ : only the average result is reported.

Alternatively, since valence and arousal are in general slow-varying
signals, methods accounting for short-term temporal correlations
have been applied. Continuous Conditional Random Fields (CCRF) are
used in [18] on top of SVRs trained separately for each modality.
Various types of neural networks have also been used, including TimeDelay Neural Networks [20], Recurrent Neural Networks (RNN) [30]
and Long-Short Term Memory RNN (LSTM-RNN) in [12,31,39].
Recent successes of deep models have lead to a comeback of neural
network based approaches; however even though deep methods are
increasingly applied to various vision-based and audio-visual problems, there are scant applications dedicated to continuous valence and
arousal estimation. In particular, no end-to-end method has been used
to predict valence and arousal directly from videos. In [32], singlecue predictions are obtained with Deep Neural Networks (DNN) but
combined using late fusion with a linear regression. Similarly, in [26],
deep belief networks are trained on different features and the results
are combined using linear regression. Deep bidirectional LSTM recurrent neural networks are used to perform multi-modal prediction
using audio, video and physiological modalities [33].
The ground-truth annotations in our dataset, in the range from
−10 to 10, are suﬃciently ﬁne to allow for continuous-based estimation of valence and arousal levels. Therefore, our dataset can be used
for evaluating and ranking the above approaches.

continuously using a FEELTRACE-like tool [46] or discretely using a
Self-Assessment Manikin (SAM) [47].
However, these datasets all focus on laboratory or controlled
environments. The Humaine project2 [48] aimed at making data
available for affect estimation and the Humaine database includes 23
recordings that were annotated with a FEELTRACE-like software.
The Sustained Emotionally coloured Machine-human Interaction using Nonverbal Expression Dataset (SEMAINE) [9] is a richly
annotated corpus containing recordings of interactions between a
human and a machine-like agent in a Sensitive Active Listener (SAL)
scenario [49]. In particular the Solid SAL scenario, where the operator’s role is played by a human instructed to act in the character of a
SAL agent, contains 21 sessions (75 character interactions) that were
annotated with FEELTRACE for valence and arousal.
In the Belfast naturalistic dataset,3 209 clips from TV recordings
and 30 from interviews were annotated using FEELTRACE for valence
and arousal. Categorical labels were also provided for core emotions. The Belfast induced dataset [50] contains laboratory recordings
of responses to various emotion induction tasks. This set contains
exclusively subjects from Northern Ireland who self-reported their
emotional state using a questionnaire. 37 of the recordings were also
annotated with FEELTRACE for emotional Intensity and Valence by
multiple annotators (6 to 258).
The Multi-Modal Affective Database for Affect Recognition and
Implicit Tagging (MAHNOB-HCI) [51] contains audio-visual and EEG

3. Existing datasets for valence and arousal estimation
The problem of automated valence and arousal estimation from
video has been introduced relatively recently in computer vision and
several databases have been collected for that purpose, summarised
in Table 2. The data collected is annotated by human raters either

2
http://emotion-research.net/toolbox/bydate/toolboxdatabase.2006-09-26.
5667892524.
3
http://sspnet.eu/2010/02/belfast-naturalistic/.
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Table 2
Available data available for facial valence and arousal estimation from videos.

recordings of participants who also self-reported their valence and
arousal levels using a SAM self-report Manikin.
Similarly, in the DEAP dataset [52], EEG and video of the participants were recorded while they watched 40 video clips of
1 min each. They also self-assessed for arousal, valence, liking and
dominance again with a SAM manikin.
The VAM-Faces dataset [53] is a collection of recordings of the
German talk-show “Vera Am Mittag”. A total of 1867 images were
annotated in a discretized 5-point scale for valence, activation and
dominance by 8 to 34 annotators. Sparse annotations are also provided for six basic emotion categories (happiness, anger, sadness,
disgust, fear, surprise) + neutral.
In the MAHNOB Laughter [54] and the AMFED dataset [55], participants were recorded with a webcam while watching videos.
While the MAHNOB Laughter database was annotated for the type
of laughter only (acted, spontaneous, speech-laughter), the participants recorded for the AMFED database were asked to provide binary
self-assessment for familiarity with, liking of, and desire to watch the
stimuli videos again.4 In the AMFED database, 168,359 frames were
also labelled for 10 symmetrical FACS-AU, 4 asymetrical FACS-AU, 2
head movements, smile and expressiveness.
The RECOLA dataset [56] had 46 participants, all from the
department of psychology of the Université de Fribourg-Universitat,
Switzerland. The participants, all French-speaking (20 French, 5
Italian and 2 German), were asked to perform speciﬁc computer
interaction tasks under a constant lighting while being recorded

with a webcam. Biosignal (EDA and ECG) were also recorded. Selfreported labels for Valence and Arousal were obtained using a SAM
Manikin for integer values from 1 to 9. 27 videos of 5 min5 were
released and annotated using a FEELTRACE-like tool6 by 6 Frenchspeaking raters (3 females and 3 males). To obtain smoothness,
the annotations obtained using the FEELTRACE-like tool were postprocessed using a piecewise cubic interpolation.
The MAHNOB Mimicry Dataset [57] contains 11 h of recording of
12 confederates in naturalistic interaction - discussion with their 48
counterparts. Most of the videos were annotated by 5+ annotators
in terms of valence and arousal using a custom online tool.
Audio-Visual Emotion recognition Challenges (AVEC) were organised to benchmark valence and arousal estimation methods.
AVEC’11 [40] uses the Semaine Solid-SAL dataset but used binarized (±1) values while the next competition, AVEC’12 [41] uses the
original continuous annotations. AVEC’13 [42] uses a subset of the
audio-visual depression language corpus that has been annotated for
continuous valence and arousal values by one naive annotator per
dimension for each video. AVEC’14 [43] uses a subset of the data
used for the previous version of the challenge. All clips were reannotated by at least 3 (naive) annotators for valence, arousal and
dominance. The most recent versions of the challenge – AVEC ’15 [44]
and AVEC’16 [11] – departed from the previous challenges and used
the RECOLA database [56] along with the provided annotations. For
a review of older datasets for affect recognition, please refer to [10].
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Videos from 27 participants over the 46 participants (16 females and 19 males).
Annotated using the ANNEMO framework https://diuf.unifr.ch/diva/recola/
annemo.html.
6

4

(Did you like it? Have you seen it before? Would you watch it again?).
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These existing datasets all exhibit one or more of the following
limitations. (a) The videos are recorded under controlled conditions,
e.g. illumination is uniform, background is static, and there is a
limited amount of head pose variation and occlusion. (b) Although
a range of affective states are displayed and recorded, emotions
are elicited by a limited number of tasks, e.g., in [50], all subjects
underwent exactly the same tasks. (c) Although there is usually a
suﬃcient number of annotators per video, annotations are obtained
using trace-style tools [46] which have been shown to produce low
correlation for both intra and inter-rater valence and arousal annotations [43,50,58],7 or only sparse annotations are provided using
SAM.
To address the aforementioned limitations, we compile a new
dataset by providing ground-truth valence and arousal annotations
for video clips extracted from feature ﬁlms (also used in part for
the AFEW’14 challenge [7,8]). The new dataset – which we call
AFEW-VA – contains 600 video clips selected from movies, many
of which have been recorded in notably challenging conditions.
Although emotions are acted in the movies, the actors live in their
roles and realistically portray relevant behaviours and emotions, so
the clips can be regarded as showing (nearly) spontaneous human
emotions. This is in agreement with the study of believability of portrayal of emotions by professional actors that has shown that lay
judges rate these emotional portrayal highly believable [59]. Unlike
existing benchmark datasets, the AFEW-VA presented here contains
a wide spectrum of facial expressions, elicited in various conditions with natural head pose movements, complex backgrounds, and
under severe occlusions. The actors whose video clips are included
in AFEW-VA show a large diversity in age and ethnicity.
4. Online tool for per-frame annotation of valence and arousal
Existing tools are based on the FEELTRACE tool [46] and allow
users to annotate videos in the valence and arousal quadrant in real
time while watching it, using a joystick.
This presents several drawbacks including:
1. Delays between the annotation and the video
2. Lapse in concentration
3. Inaccuracy of the annotation due to the sensitivity of the
joystick or slider
4. Very few of these tool allow online remote-annotations.
To address these drawbacks, we developed for the database an
online annotation tool (a screenshot of which is shown Fig. 1) that
allows several people to annotate video clips per-frame, for valence
and arousal, remotely. The ﬁrst three drawbacks are addressed by
the per-frame annotation and the ability to go back and forth in the
sequence to correct labels, resulting in highly accurate annotations.
The second and third drawbacks are further addressed by the ability to mark the annotations in different states (e.g. as to be checked)
and the ability to add comments. The last drawback is inherently
addressed since the developed tool is online-based. A random clip
is presented to the annotator that can then watch the clip frame by
frame. When familiar with the clip, the annotator can then go back
and forth and annotate it frame by frame either using the sliders or
using the keyboard, avoiding inaccuracy. When using the keyboard
the application has been programmed to allow ﬁrst annotation of the
whole video for valence then for arousal. Finally the annotations can
be saved, marked as to be checked again, in case of doubt or lapse
in concentration, or marked to be done again completely. Extensive documentation can be found in the webpage of the project that
contains instructions and a wiki.
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The annotation tool is made publicly available.8 It is written in
Python as a Flask application backed with a MongoDB database.
Easy to deploy and use, it allows any number of users to annotate
easily and precisely video frames for valence and arousal intensity.
In addition it can be easily extended to handle more annotations (e.g.
discrete emotions).
5. AFEW-VA: the new dataset in-the-wild
5.1. Data
AFEW-VA consists of 600 videos extracted from features ﬁlms
(also used in part for the AFEW dataset [7]). The videos range from
short (around 10 frames) to longer clips (more than 120 frames),
and display various facial expressions. They are captured under challenging indoor and outdoor conditions such as complex cluttered
backgrounds, poor illumination, large out-of-plane head rotations,
variations in scale, and occlusions.
In total, we annotated more than 30,000 frames with per frame
levels valence and arousal intensities in the range of −10 to 10. Fig. 2
shows the distribution of the values of valence and arousal present
in our dataset. It matches the expected distribution and, as can be
seen, there is a wide range of values for both valence and arousal. In
some videos, we observe a signiﬁcant signal change in valence and
arousal across the frames. In some other videos, the temporal change
of valence and arousal is negligible. Fig. 3 shows the distribution of
the annotations in the valence and arousal circle. As can be observed,
our data show large variations in valence and arousal values and
complement well existing databases. For comparison, the distribution of valence and arousal values of three widely used databases,
namely AVEC’14 [43], SEMAINE [9] and RECOLA [56] are presented
in Fig. 4. Our database presents a large variation in the values of
valence and arousal while extreme values are less frequent in the
other databases.
5.2. Annotations
We provide per frame annotations of valence and arousal levels
for all frames within all videos clips of our dataset. Unlike most
other datasets, our annotations are not produced using trace-style
tools, but are attained per frame by two expert annotators, a male
and a female, FACS AU coding certiﬁed. Both annotators have annotated all videos together, therefore discussing all disagreements and
coming up with a unique solution. Hence, AFEW-VA annotations are
detailed and highly accurate. The range of annotation levels for both
valence and arousal is from −10 to 10, resulting in a total of 21
levels. Fig. 5 shows the temporal evolution of the valence and arousal
signals for an example video from our dataset, along with some representative frames. To assess rater reliability, 10% of the clips were
randomly selected and re-rated by the same two annotators to compute intra-rating consistency. The attained Pearson product-moment
correlation coeﬃcient was 0.87.
We provide accurate location for 68 landmarks (see Fig. 6) including both interior and boundary points of the face. The annotation of
these facial landmarks was done in a semi-automatic way. First, the
face was detected in the ﬁrst frame of each video sequence using the
tree-based deformable part model (DPM) of [60]. Although the treebased DPM additionally provides the location of facial landmarks,
we use this algorithm only as a face detector, since the accuracy of
landmark localization of this approach on our challenging videos is
not satisfactory. The bounding box of the detected face was subsequently used to initialize the Gauss-Newton generative part-based
AAM model of [61] for facial landmarks localization. The landmarks
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Fig. 1. Screenshot of the annotation tool developed and used to annotate the AFEW-VA dataset.

Fig. 2. Distribution of the valence and arousal values in our annotated dataset.

detected in each frame were then used to initialize landmark locations in the next frame. In this way, the landmarks were tracked
across the video. Based on the common assumption of relatively
smooth and slow varying trajectories of the landmarks, our tracker
was capable of automatically estimating moments when the tracking went off. In such cases, it was re-initialized using the tree-based
DPM for face detection. The tracking results were visually inspected
and the landmarks were manually corrected when minor errors were
present. Only satisfactorily tracked clips were kept. The landmark
tracking results are publicly released together with the AFEW-VA
database.9
Examples of tracked faces from AFEW-VA are shown in Fig. 6.
6. Performance measures
Given a ground-truth and a prediction, performance is measured
using the root-mean-square error (RMSE), the Pearson productmoment correlation coeﬃcient (CORR) and the intra-class correlation
coeﬃcient (ICC).
Let h be a series of n ground-truth labels, n ∈ N and ĥ a series of n
corresponding prediction labels.

9
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The RMSE is then deﬁned as


n 
2
1 
RMSE = 
ĥ(i) − h(i)
n

(1)

i=1

The correlation coeﬃcient is

E (ĥ − lĥ )(h − l h )
COV(ĥ, h)
COR(ĥ, h) =
=
sĥ sh
sĥ sh

(2)

Both RMSE and CORR are standard measures, widely used for
measuring valence and arousal estimation accuracy [4].
Most recently the intra-class correlation coeﬃcient ICC(3, 1) [62]
has been used for facial expression [63] and pain [3] estimation. In
this work, all mentions of ICC refer to ICC(3, 1). For two samples (here
h and ĥ), the ICC is deﬁned as:

ICC(ĥ, h) =

2 × COV(ĥ, h)
s 2 + sh2
ĥ

=


2 × E (ĥ − lĥ ) (h − l h )
s 2 + sh2

(3)

ĥ

In all experiments, we report performance in term of all three
metrics, RMSE, CORR and ICC.
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Hybrid-LBP encodes some geometric information by using the
location of the landmarks. Instead of using a piecewise aﬃne warping to align the faces, a simple translational model is used to scale and
translate all the images onto a common coordinate frame. Patches of
size 27×27 are then extracted around each landmark. Similarly to the
block-LBP, each patch is represented by a 59-D histogram resulting
into a global descriptor of size 4012.
We also consider several variants of the DCT features:
Holistic-DCT This descriptor is obtained by aligning the images
onto a base shape using piecewise aﬃne warping and extracting DCT
features over the whole warped face. The ﬁrst 500 coeﬃcients are
then kept, following the zigzag scheme [70]. This descriptor has been
shown to produce good results for facial affect estimation [66].
Block-DCT As in the LBP case, images are normalised using piecewise aﬃne warping and the resulting aligned image is divided into a
10 × 10 grid of non-overlapping patches of size 18 × 14 pixels. The
ﬁrst 59 coeﬃcients are kept following the zigzag scheme, resulting
in a global descriptor of size 5900.

Fig. 3. Distribution of the valence and arousal values in AFEW-VA.

Hybrid-DCT Coined Hybrid-DCT, this descriptor is similar to
Hybrid-LBP and incorporates geometric information by extracting the
descriptor around the landmarks positions. After scaling and translating all the images onto a common coordinate frame, patches of
size 27 × 27 are extracted around each landmark. Each patch is represented by the ﬁrst 59 coeﬃcient kept in a zigzag order, resulting
into a global descriptor of size 4012.

7. Facial features
7.1. Appearance features
We compare several robust appearance features including the
same SIFT [64] features used during landmark localisation [61]. We
also experiment with local binary patterns [65], which are widely
used for facial affect analysis [66–68]. In this work we use uniform
local
 binary
 patterns with a neighbour set of 8 on a circle of radius
u
2 LBP8,2
, binned in a N-dimensional histogram. This conﬁguration
has been shown to give good results for pain analysis [66] and facial
Action Unit detection [67]. We also use a 2-dimensional Discrete
Cosine Transform [69], where we kept only the N ﬁrst coeﬃcients
following the jpeg zigzag-scheme [70]. It was shown to produce very
good results for pain estimation from faces [66].
Hybrid-SIFT Owing to their success for landmarks detection, we
use the same SIFT features [64] used during the landmark detection
process [71,72]. These are dense features, extracted at the detected
landmark locations and extracted in a canonical coordinate frame
(Fig. 7c): there the images are normalized according to the similarity
transform estimated from the detected landmarks. Using the position of the landmark allows us to incorporate geometric information
into the descriptor, hence the name Hybrid. These features are the
same as those used for the landmark detection process, therefore
allowing for a uniﬁed, elegant framework for the entire processing of
the videos.
We consider two variants of the LBP features:
Block-LBP The ﬁrst conﬁguration is coined Block-LBP. For a given
image, the face is ﬁrst aligned onto a base shape (the mean shape
of the dataset) using a piecewise aﬃne warping from the triangulated mesh of the 68 facial landmarks of the image to the triangulated
mesh of the base shape. The resulting aligned image is then divided
into a 10 × 10 grid of non-overlapping patches of size 18 × 14 pixels.
One 59-D histogram is consequently extracted from each patch.
Finally the image is represented by the 5900-D concatenation of all
100 histograms.

7.2. Geometric features
As geometric features (or shape features), we used normalized
vectors composed of the coordinates [xk , yk ] for k ∈ {1, ..., 68} of
the 68 detected facial landmarks. After the face has been detected
(Fig. 7a), facial landmarks are detected (Fig. 7b) and manually corrected if needed. We then use the standard normalization aimed at
removing variations due to translation, scaling and in-plane rotation,
as well as pose variations – namely, yaw and pitch. In particular, our
shape normalization follows the approach of [71,72] and leverages a
linear shape model built from images annotated with u = 68 ﬁducial
points. The annotated shapes are ﬁrst normalized using Procrustes
Analysis. This step removes variations due to similarity transformations, i.e., translation, rotation and scaling. Then, PCA is applied on
the normalized shapes to obtain the shape model. The shape model
is deﬁned by the mean shape s0 , and n shape eigenvectors si . The
ﬁrst two of these can be shown to model pose (pitch and yaw).
Let us represent them as columns of matrix P2u×2 . Additionally, to
model similarity transforms, we construct 4 additional bases from
s0 compactly represented as columns of Q2u×4 . Suppose now that
sy ∈ R2u×1 is the set of landmarks detected at each frame. Then, our
similarity normalized features are given by ssim = sy − QQT (sy − s0 ).
Additionally, our similarity and pose normalized features (Fig. 7d)
are given by spose = sy − QQT (sy − s0 ) − PPT (sy − s0 ). Fig. 7 illustrates
our shape and texture pre-processing.
7.3. Results and discussion
To compare the performance of various features, we sampled regularly an equal number of frames from each sequence to obtain a set
of frames representative of the whole dataset, which we then divided
in 5 disjoint folds in a subject-independent manner (i.e. a subject
does not appear in two different folds). We then performed a 5-fold
cross-validation (i.e. we iteratively used one of the set for testing and
the other 4 for training) to predict the valence and arousal values for
each frame using a Linear Support Vector Machine for Regression,
Tables 3 and 4.
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Fig. 4. Distribution of the valence and arousal values in the SEMAINE [9], AVEC’14 [43] and RECOLA [56] datasets.

We observe that normalised shape performs well overall and
gives the best results in term of correlation and ICC for Arousal.
This is not surprising as Arousal is typically characterised by large
vertical changes, directly reﬂected in the position of the facial landmarks. This also shows that accurate landmark localisation is crucial.
Valence, on the other hand can be much more subtle and low
valence does not necessarily translate in large shape variations (e.g.
sadness), hence the need of appearance features. Amongst these,
Hybrid descriptors, unsurprisingly, give the best results, as they
encode not only appearance information but also, inherently, some
geometric information. In particular, Hybrid-DCT and Hybrid-SIFT
perform very well. For the remaining experiments, we decide to use
Norm-Shape and Hybrid-DCT – owing to its good performance and
low dimensionality compared to SIFT.
Perhaps surprisingly, we notice that, overall, valence is better predicted than arousal on Semaine, Table 4, while the opposite is true
for our AFEW-VA dataset. This might be due to the distribution of the

valence and arousal labels, see Fig. 4. The second observation is that
the performance of all features is more homogeneous in the case of
the Semaine database. In particular, LBP features perform better on
the controlled dataset than on the In-The-Wild one. So do features
extracted from the warped appearance in the canonical coordinate
frame. This is most likely due to the near frontal pose of all faces
and to the controlled conditions. The difference in pose and environment is well demonstrated when comparing a warped appearance
of exemplary faces from AFEW-VA and those from Semaine (Fig. 8).
As can be seen, the piecewise-aﬃne warping does not deform much
the faces that are in a nearly frontal view as is the case in controlled
environments but it does deform them largely in unconstrained conditions where large changes in head pose and occlusion are typical.
This result illustrates the need of in-the-wild datasets – features
found to work well on controlled datasets do not necessarily perform
well in more realistic settings. As can be seen from Tables 3 and 4,
our geometric features perform very well in both cases –controlled
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Fig. 5. Example of annotated valence and arousal levels for a sample video from our dataset along with some representative frames.

and unconstrained settings. This highlights the descriptive power
of these features when it comes to facial expression tracking and
analysis. This has been shown by previous research too [73,74] and
re-conﬁrmed here again.

8. Valence and arousal estimation
In this section, we evaluate a number of common baselines and
state-of-the-art methods. In all cases, results were obtained as previously by performing a person-independent (i.e. the same participant
did not appear simultaneously in two different folds) 5-folds crossvalidation to predict per-frame values for valence and arousal, by
successively training on 4 of the folds and testing on the remaining one. In all cases we optimised the respective parameters of each
method by grid-search cross-validation on the training set.

8.1. Methods
We report the performance of several baselines and state-of-theart methods, covering most widely used Machine-Learning methods
(Statistical, Bayesian, Tree-based and Deep Learning):
Support Vector Machine for Regression (SVR) We used a linear
Support Vector Machine for regression as our ﬁrst baseline. SVR is
a common choice for continuous affect recognition and is usually
applied to a high-dimensional descriptor representing a concatenation of different features (e.g., LBP-TOP extracted on a dense grid
of aligned faces) [11,41,43]. In [18] SVR is combined with Continuous Conditional Random Field (CCRF) or Correlation Aware CCRF.
In [14], SVR is extended to Output-Associative RVM, and used with
shape features to predict valence and arousal levels; but even this
approach can be regarded as SVR-based. In this paper, we used
the Scikit-Learn implementation [75] and validated the regularization parameter in the set {10 −5 , ..., 103 } and the tolerance in the set
{10 −6 , · · · , 10 −2 }.
Bag of Words (BoW) is our second baseline. This approach is
widely used in action recognition and is also common in facial
expression recognition [76]. Our Bag-of-visual words baseline uses
our Hybrid-DCT features and provides per-frame predictions, unlike
in some prior work, to allow for a fair comparison. We used a

vocabulary of 100 words and a Linear SVR as the back-end regression
method.
Multiple Kernel Learning (MKL) We also provide results for a
Multiple Kernel Learning approach which has been shown to produce state-of-the-art results for the task of Facial Action Unit detection [77,78] as well as for continuous facial behaviour estimation [3];
we adopt it here for the task of valence and arousal estimation.
We implemented this approach using an RBF kernel for the shape
features (Norm-Shape) and another one for the appearance features
(Hybrid-DCT), using the Simple MKL library ([79]).
Conditional Random Field Conditional Random Field (CRF) has
previously been used to estimate discretized levels of valence and
arousal [80]. Here, we apply the method on sequences of 10 frames.
The pystruct implementation was used [81] and the regularization
was validated via grid-search.
Tree-based Random Forest (RF) have been shown to perform
best on a large range of supervised learning problems [82]. They
are widely used and recently demonstrated state-of-the-art results
for continuous emotion recognition [19]. The scikit-learn [75] implementation of random forests was used with a number of trees in the
forest was validated in the range {50, 100, 500, 1000}.
Ordinal Regression Ordinal Regression has been showed to produce state-of-the-art results for Facial Expression [83] and Facial
Action Unit Estimation [84]. We evaluate Ordinal Regression (OR)
and, like in the original paper [83] which implementation we used,
we applied it to shape features, after having applied PCA and kept
only the 20 most informative dimensions. Additionally, the labels
were compressed into 7 labels instead of the 21 original ones. The
regularizer was validated in the set {10 −5 , · · · , 103 }.
Deep learning We trained two Deep CNN models for valence and
arousal classiﬁcation, using as input cropped faces re-sized to the
dimension deﬁned in the input layer of each network (RGB-Images).
In both networks the output layer is modiﬁed to contain output units
equal to the 21 levels of arousal and valence in our problem. Two
different DCNN architectures were evaluated. First, a modiﬁed DCNN
structure deﬁned in [85] (DCNN in the result table). The model is
trained from scratch using the randomly sampled frames from the
videos. Second, a ﬁne tuned, modiﬁed, AlexNet [86] coined FT-DCNN.
We ﬁne tuned the model learned on ImageNet [87].
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Fig. 6. Examples of tracked landmarks from our newly annotated dataset.

8.2. Results and discussion
Table 5 shows the results obtained on AFEW-VA as explained with
all methods, using geometric (Norm-shape) and appearance (Hybrid
DCT) features, while Table 6 shows the results obtained on Semaine.

By construction, the ICC tends to be lower than the correlation.
SVR performs very well, performing best in term of ICC. In comparison, the bag-of-words approach does not perform as well probably
because the vocabulary learnt is not as informative as the original
shape/DCT features. Random Forests, on the other hand, perform

Fig. 7. Preprocessing steps for shape normalization. First the face is detected using the tree-based deformable part model of [60]. The resulting bounding box is used to initialize
landmark detection using a gradient based method of [61]. Around each landmark, robust descriptors such (SIFT, LBP, DCT) are extracted as appearance features. We also normalize
the shape formed by the detected landmarks, and use it as an additional shape descriptor for valence and arousal estimation.
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Table 3
Comparison of the performance of the different features on AFEW-VA.
Arousal

Valence

Features

RMSE

CORR

ICC

RMSE

CORR

ICC

Block-LBP
Hybrid-LBP
Holistic-DCT
Block-DCT
Hybrid-DCT
Hybrid-SIFT
Norm-shape

2.503
2.402
3.742
4.188
2.318
2.492
2.446

0.253
0.279
0.287
0.118
0.381
0.323
0.426

0.211
0.193
0.286
0.106
0.318
0.295
0.356

2.881
2.807
3.658
4.088
2.670
2.754
2.829

0.220
0.238
0.131
0.254
0.374
0.374
0.293

0.164
0.134
0.130
0.252
0.290
0.341
0.21

Table 4
Comparison of the performance of the different features on SEMAINE [9].
Arousal

Valence

Features

RMSE

CORR

ICC

RMSE

CORR

ICC

Block-LBP
Hybrid-LBP
Holistic-DCT
Block-DCT
Hybrid-DCT
Hybrid-SIFT
Norm-shape

2.275
2.386
2.303
3.146
2.278
2.507
2.249

0.143
0.081
0.281
0.146
0.18
0.1
0.272

0.103
0.061
0.271
0.144
0.128
0.061
0.226

2.342
2.576
3.566
2.823
2.287
2.981
2.323

0.283
0.262
0.06
0.207
0.18
0.167
0.35

0.159
0.138
0.057
0.203
0.162
0.147
0.331

very well, with a higher correlation than all other methods when
using Hybrid-DCT. CRF, however, does not give good results, probably because of the short temporal dependencies in the video and
due to the diﬃculty of predicting 21 classes. Ordinal regression also
under-performs, most likely because the features are not ordinal
with respect to the labels, i.e. variations in valence or arousal are not
always directly correlated with the landmark shifts. Similarly, learning a DCNN from scratch does not provide good result. The main
reason might be that there is not enough samples to train the model.
More interestingly the modiﬁed AlexNet does not provide signiﬁcant improvement. We believe there are two reasons for this: a) The
re-sized inputs have an insuﬃcient resolution. b) The face images
are very different from the images in ImageNet, i.e they come from
a completely different distribution. As a result ﬁne-tuning does not
provide informative feedback signals to the lower layers of the network. Finally, the Multiple Kernel Learning approach successfully
combines shape and appearance information, producing very good
results, and the best RMSE for both valence and arousal.
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These results are comparable to the baselines provided with
existing databases. In the AVEC 2013 challenge, the Pearson’s correlation coeﬃcient on the testing set using video features was reported
as 0.076 for valence and 0.134 for arousal [42]. In the 2014 standing this was of 0.188 for valence and 0.206 for arousal [43]. RMSE
was not reported for the 2013 and 2014 standings. However, in the
2015 challenge, CORR was 0.354 for arousal and 0.490 for valence,
while the RMSE was between 0.164 and 0.113 [44]. Note that the values of valence and arousal ranged between −1 and 1, making these
RMSE values comparable with the ones reported here. Although our
labels range from −10 to 10 these can easily be normalised to range
between −1 and 1.
However, interestingly, and as hypothesised, the same methods
that perform best on AFEW-VA do not necessarily perform best on
Semaine, and the results are generally much more homogeneous on
the latter. In particular, on the Semaine data, the Random Forest
approach does not perform as well and is outperformed by CRF
applied on geometric features. The modiﬁed AlexNet does not do
well in term of correlation for arousal but obtains the lowest RMSE
and performs comparatively better for valence.
Surprisingly, overall, CORR and ICC are, lower on the Semaine data
than on the AFEW-VA data. This might be because the Semaine data
is not very versatile in the sense that it contains too few strong intensity examples. This causes the features to end up being too similar,
with too much data and too little facial deformation (See Fig. 8). As
seen in Fig. 4, in the Semaine database, for a large majority of the
frames, the arousal is negative. This is in contrast to AFEW-VA where
positive arousal forms a majority. Another assumption is therefore
that methods could learn better on the AFEW-VA data what is typical
for positive vs negatve.
The representational power of geometric features is again conﬁrmed, and, combined with these, SVR, CRF and MKL yield the
best overall results in term of CORR and ICC. These results on the
Semaine data are comparable with those recently reported on the
same data [3,14,41].
9. Conclusion
We motivated the problem of estimating valence and arousal on
data collected in-the-wild. A new dataset called AFEW-VA was presented that provides per frame highly accurate annotations of valence
and arousal along with facial landmarks for 600 video clips extracted
from feature ﬁlms, and carefully selected for evaluation under challenging, unconstrained conditions. Different state-of-the-art robust
features were compared to select the most appropriate ones for the

Fig. 8. Examples of original and corresponding warped images from SEMAINE and AFEW-VA. In controlled environment with limited illumination and pose variation (a), the
warped image is very similar to the original image while in real in-the-wild conditions (b), the warped image presents large deformations.

Please cite this article as: J. Kossaiﬁ et al., AFEW-VA database for valence and arousal estimation in-the-wild, Image and Vision Computing
(2017), http://dx.doi.org/10.1016/j.imavis.2017.02.001

ARTICLE IN PRESS
12

J. Kossaiﬁ et al. / Image and Vision Computing xxx (2017) xxx–xxx

Table 5
Comparison of the performance of different methods on AFEW-VA.
Arousal

Valence

Method

Features

RMSE

CORR

ICC

RMSE

CORR

ICC

SVR
SVR
RF
RF
CRF
CRF
DCNN
FT-DCNN
BoW
OR
MKL

Norm-shape
Hybrid-DCT
Norm-shape
Hybrid DCT
Norm-shape
Hybrid DCT
RGB-Images
RGB-Images
Hybrid-DCT
Norm-shape
Shape+DCT

2.446
2.318
2.256
2.275
2.815
2.912
4.6
3.9
2.467
−
2.229

0.426
0.381
0.411
0.45
0.330
0.214
0.25
0.31
0.25
0.28
0.445

0.356
0.318
0.303
0.2
0.326
0.21
−
−
0.194
0.23
0.340

2.829
2.670
2.672
2.687
3.289
3.421
4.1
3.7
2.907
−
2.639

0.293
0.374
0.365
0.407
0.244
0.137
0.17
0.26
0.124
0.25
0.401

0.21
0.290
0.267
0.154
0.242
0.137
−
−
0.071
0.20
0.274

Table 6
Comparison of the performance of different methods on SEMAINE. The valence and
arousal intensity values, originally ranging from −1 to 1, have been scaled by a factor
of 10 to range in [−10, 10].
Arousal

Valence

Method

Features

RMSE

CORR

ICC

RMSE

CORR

ICC

SVR
SVR
RF
RF
CRF
CRF
FT-DCNN
BoW
OR
MKL

Norm-shape
Hybrid-DCT
Norm-shape
Hybrid DCT
Norm-shape
Hybrid DCT
RGB-Images
Hybrid-DCT
Norm-shape
Shape+DCT

2.249
2.278
2.50
2.674
2.466
2.475
1.608
2.920
−
2.366

0.272
0.18
0.123
0.08
0.266
0.10
0.109
0.199
0.10
0.23

0.226
0.128
0.117
0.077
0.245
0.094
−
0.18
0.09
0.15

2.323
2.287
2.221
2.087
3.05
2.814
2.173
2.222
−
2.575

0.35
0.17
0.23
0.150
0.275
0.173
0.268
0.166
0.18
0.296

0.331
0.131
0.152
0.134
0.230
0.151
−
0.158
0.14
0.198

task of valence and arousal prediction in-the-wild. A number of baselines as well as state-of-the-art methods were also evaluated on
this new dataset. In addition, the results of the same features and
methods were investigated on a classical, widely used, controlled
dataset.
Our results illustrate our hypothesis that features and methods
that work well in controlled environments do not necessarily
perform as well in unconstrained conditions. They also conﬁrmed the
descriptive power of geometric features and highlighted the importance of accurately tracked facial landmarks. Finally, they demonstrate our dataset to be challenging, both complementary to and
extending existing benchmark datasets. It is useful for static, inthe-wild, valence and arousal estimation but less so for dynamic
models due to the short duration of some of the clips and to the low
inter-variability of the expressions displayed in between the frames.
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