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Figure 1: Wearable facial electromyography (EMG) measured distally has enabled the simultaneous EMG and facial video
recording without electrodes obstructing the face. This study investigated the extent to which covert behavior measured by
EMG contributes to the identification of posed and spontaneous smiles, and compared it with computer vision (CV) identifi-

cation.

ABSTRACT

Positive experiences are a success metric in product and ser-
vice design. Quantifying smiles is a method of assessing them
continuously. Smiles are usually a cue of positive affect, but
they can also be fabricated voluntarily. Automatic detection
is a promising complement to human perception in terms of
identifying the differences between smile types. Computer
vision (CV) and facial distal electromyography (EMG) have
been proven successful in this task. This is the first study
to use a wearable EMG that does not obstruct the face to
compare the performance of CV and EMG measurements in
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the task of distinguishing between posed and spontaneous
smiles. The results showed that EMG has the advantage of
being able to identify covert behavior not available through
vision. Moreover, CV appears to be able to identify visible
dynamic features that human judges cannot account for. This
sheds light on the role of non-observable behavior in dis-
tinguishing affect-related smiles from polite positive affect
displays.
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1 INTRODUCTION

Measuring positive experiences in a continuous and accurate
manner is of utmost importance. They are a metric of success
in our personal life and in product and service design. In
a user-centered design process, design concepts are drawn
from existing user needs or bad experiences. The concept
is then prototyped, and the new user experience is assessed
with a view to improving it [24, 29]. Hence, unbiased user
feedback is critical. This assessment is often performed via
qualitative or quantitative self-report methods. To assess the
dynamics of mental health and user experience it is essential
to measure the frequency and patterning of mental processes
in every-day-life situations, including affective experiences
[10]. The Experience Sampling Method (ESM) [28] provides
a good approximation of what the user is feeling when using
a product. However, it requires a logging tool that intermit-
tently prompts users to report their experience, and that
ultimately alters the user’s affective state.

An alternative way of assessing human affect in a con-
tinuous manner is to measure and interpret behavior and
electrophysiological cues automatically using artificial intel-
ligence (AI) technology. These methods have the potential
to provide uninterrupted, objective measurements with high
temporal resolution. The continuous logging of affective
experience could trigger qualitative ESM entries or the re-
action of an artificial agent after an affective experience has
been identified. Perhaps the most widely used measurement
modality is computer vision (CV), followed by electromyo-
graphy (EMG) and other sensors for measuring autonomic
body responses [6, 23, 47]. CV and EMG are used to identify
and quantify behavior co-occurring with affective experi-
ences such as facial expressions. However, humans are able
to display positive facial expressions even when they are not
experiencing any emotion. In particular, when evaluating a
product or service, avoiding polite displays of positive expe-
riences is desirable to better identify points of opportunity.
Thus, it is also important to distinguish between posed and
spontaneous facial expressions of positive affect to avoid
bias in the evaluation process.

Positive affect is prototypically expressed in the form of a
smile. According to the Facial Action Coding System (FACS)
[14], a smile is often a combination of a lip corner puller
(AU12) and a cheek raiser (AU06). AU06 corresponds to the
activation of the orbicularis oculi muscle, and it is referred
to as "the Duchenne Marker". Smiles with the Duchenne
marker have been assumed to be spontaneous [13]. This
definition has been used in numerous psychological studies
[3, 17, 42]. However, it has also been shown that this muscle
is activated in both types of smiles [32, 45]. Recently, more
reliable differentiating features have been found. Dynamic
aspects of facial expressions have been deemed critical for
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human perception. In particular, for subtle expressions, and
when static information is of low quality [26]. Moreover,
spontaneous smiles tend to last longer than posed smiles
[8, 39], and have a fast and smooth onset [40], and apex
coordination [15]. On the other hand, posed smiles have a
larger amplitude [8, 39, 40]; different decay and rise durations
and speeds [20, 30, 39], and different numbers of peaks [30].

The potential of computer vision (CV) [12] and electromyo-
graphy (EMG) [37] to distinguish between these smiles has
already been shown. However, little is known about how
these two technologies relate to each other. Simultaneous
recordings have so far been to the detriment of CV. Tradi-
tionally, EMG research requires electrodes to be placed on
top of the relevant muscle. This not only prevents the wearer
from producing natural facial expressions, it also obstructs
recordings of the face. This limitation has recently been over-
come by the use of wearables for measuring facial distal EMG
[7, 18].

We present a direct comparison of these two methods to
identify posed and spontaneous smiles. We hypothesize that
they have different strengths. CV might be able to better
discriminate overt facial expressions with fine spatial res-
olution, similar to human perception. On the other hand,
EMG-based methods are potentially better at discriminating
covert expression changes not perceivable through vision
[44]. Specifically, we hypothesize an information space as
depicted in Figure 1. This space is described by using four hy-
potheses: (1) EMG-based identification is superior for covert
behavior; (2) CV-based identification is superior for overt
behavior where spatial resolution is important; (3) the per-
formance of a human judge is similar to that of CV, as it is
based on visible behavior; (4) there is a shared information
zone where all the proposed methods perform similarly.

2 RELATED WORK

Several surveys have summarized the methods available for
automatic emotion recognition [6, 23, 47]. However, it is dif-
ficult to compare them due to the plethora of experimental
paradigms, signal types, features, and classification schemes
used to identify different combinations of emotions. Addi-
tionally, studies using simultaneous EMG and CV are rare
due to the facial occlusion caused by traditional EMG.

Computer vision-based methods

Computer vision (CV) is the most widely used technique for
identifying facial expressions or posture automatically [4].
The use of spatial patterns has been shown to achieve about
90% accuracy in the task of distinguishing between posed and
spontaneous smiles [48]. In particular, the publication of the
UvA-NEMO database including 1240 videos of spontaneous
and posed smiles [12] has triggered a renewed interest in
identifying the differences between posed and spontaneous
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smiles and their dynamic characteristics [19]. State-of-the-
art methods have provided an identification accuracy up
to 92.90% by using dynamic features based on lip and eye
landmark movements, sometimes tailored to different age
groups [12]. Other algorithms using spatio-temporal features
as identified by restricted Boltzmann machines have been
able to achieve up to 97.34% accuracy on the UvA-NEMO
database, and 86.32% in the Spontaneous vs. Posed Facial
Expression (SPOS) database [49].

Electromyography-based methods

The potential for using EMG to study different facial expres-
sions has been widely reported. This is accomplished either
by placing recording electrodes on top of the relevant muscle
[5, 15, 33, 34, 41, 44, 46], or with wearable devices that do
not obstruct the face [7, 18]. Posed and spontaneous smiles
can also be distinguished by examining different EMG fea-
tures. Surface EMG has revealed that spontaneous smiles
have different magnitudes, speeds and durations [8, 40]. Fur-
thermore, when using a wearable device with distal EMG
[37], spatial and magnitude feature analysis allows us to
distinguish between spontaneous and posed smiles with an
accuracy of about 74%. By employing spatio-temporal fea-
tures, the accuracy reached about 90%.

Comparison of CV and EMG

EMG has long been a promising technology for measuring
unobservable facial behavior [44]. Simultaneous EMG and
video recordings have shown that EMG onsets occur 0.23 s
before lip corner movement. This makes EMG suitable for
studying the fast reactions involved in posed and sponta-
neous expressions of emotion, which are believed to differ
[8, 40, 41]. However, in these studies, the facial movements
were somewhat restricted, and trials that included occlusion
and head movements were discarded. These limitations can
be overcome by using distal EMG, which does not obstruct
the face. All in all, each technology might prove useful de-
pending on the intended application. Although wearable
EMG only exerts slight pressure on the sides of the face, CV
is definitely less obtrusive than EMG because it does not
require users to wear anything. However, CV is not robust to
occlusion, head rotation, poor lighting or sudden movement.

Human Perception

Understanding another’s facial expressions is a critical social
ability. Therefore, human perception of facial expressions
has been extensively researched. It has also been argued that
the message transmitted by each facial expression is as im-
portant as the actual ground truth under which they were
elicited [11], as they transmit both biologically basic and so-
cially specific messages [22]. Perception has also been shown
to be closely linked to facial mimicry. When distinguishing
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between posed and spontaneous smiles, the facial mimicry
reactions of the perceiver were stronger for Duchenne smiles
[25]. Additionally, it has been argued that the presentation of
dynamic stimuli significantly enhances the human discrim-
ination of posed and spontaneous smiles [26, 31]. Similar
findings have been reported for facial expressions of sur-
prise. The discrimination accuracy of human judges trying
to distinguish between spontaneous and both improvised
and rehearsed posed expressions was enhanced with dy-
namic stimuli. Nevertheless, only around 50% accuracy was
achieved [50].

3 DATASET

Video clips and EMG data of posed and spontaneous smiles
recorded in [35] were used for data analysis. In addition,
the data they reported on the perception of these smiles by
human judges was used as a reference. This data set was
chosen because, to the best of our knowledge, there are no
other data sets available that contain facial videos and facial
distal EMG recorded simultaneously during displays of posed
and spontaneous smiles.

Participants. 38 volunteers took part in the study (19 fe-
male, average age = 25.03 years old, SD = 3.83). Henceforth,
these participants are referred to as “Producers” since they
produced the smiles used for identification.

Experimental Design. The experiment consisted of three
blocks. The first block or “Spontaneous Block” (S-B) was
designed to induce a positive affective state, and therefore,
elicit spontaneous smiles. S-B consisted of three 30 s silent
humorous video clips presented in a counterbalanced order.
The participants subsequently completed an Affect Grid [38]
reporting how they felt while watching the videos. Then
they video-coded their own facial expressions, indicating
if the expression was posed or not. The second block or
“Neutral Block” was designed to return the previously elicited
positive affect to a neutral affect by having the participants
watch a neutral-valenced video. The N-B video consisted
of 18 pictures with likeability scores between 5.0 and 6.0
taken from the International Affective Picture System (IAPS)
[27], presented every 5 s, for a total of 90 s. Next, in the
third block or “Posed Block” (P-B), participants were asked
to make similar facial expressions to those that they made
when watching the first video in such a way that another
person would not be able to guess whether or not the smiles
were genuine. This type of smile was considered to be a posed
smile that was intended to convey the impression of having
fun. The P-B stimuli video consisted of 18 IAPS pictures
with likeability scores between 4.0 and 5.0, presented every
5 s. In other words, the participants had to watch a slightly
unpleasant stimulus while trying to fake smiles of enjoyment.
Next, they video-coded their own facial expressions. All the
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participants experienced the experiment blocks in the same
order.

Measurements. Videos of the participants’ facial expres-
sions were recorded using a Canon Ivis 52 at 30FPS. A wear-
able device with four unobtrusive channels of distal facial
EMG was used (Figure 1). This device has been shown to
reliably identify smiles in different situations [16, 18, 36, 43].

Collected data. According to the Affect Grid answers, va-
lence scores were significantly higher in the spontaneous
block than in the posed block (F(1,64) = 11.47, p < .01, ryf,
= 0.64). This suggests that the producers felt more positive
in the spontaneous block, and that they had to smile in the
posed block even if they had slightly negative feelings. On
the other hand, arousal did not differ among the experiment
blocks (F(1,64) = 0.50, p > .05, 1712, =0.22). According to their
own video coding, 272 smiles were elicited from 32 partici-
pants. 127 were labeled as spontaneous and occurred in the
S-B. 145 were posed and occurred in the P-B. In addition to
the participant’s own video coding, two independent raters
labeled the videos. When judging whether participants were
smiling or not, the Fleiss’ Kappa indicating the agreement
between the two coders and the participant’s own video cod-
ing was 0.57. However, the agreement fell to to 0.13 when
the task was to determine whether the displayed expressions
were posed or spontaneous. Therefore, both experimental
design and self-report were considered when establishing
the ground truth labels. For a smile to be spontaneous it
should be labeled as spontaneous by the participant and
have occurred in the S-B. Similarly, for posed smiles, only
those labeled as posed and occurring in the P-B were selected.
Following this criterion, only 27 of the participants showed
at least two smiles of each type.

In this dataset, the most relevant features are magnitude
and rise and decay speed. These are calculated from a neu-
tral expression to the apex of the smile and back to a neutral
expression as measured from the EMG activity [35]. It is im-
portant to notice that the elicited posed smiles are different
from those in previous studies. The most common elicitation
paradigm is to directly ask the producers to smile. However,
when posed smiles are requested with a command, the tem-
poral dynamics are affected by the duration of the command
itself. Dynamic information is critical for both human and
machine perception [26, 50]. Hence, other more ecologically
valid posed smiles were elicited. The producers voluntarily
produced a smile that did not match the elicited affective
inner state.

Human Judgment. 73 volunteers unknown to the produc-
ers took part in a separate study (37 female, average age =
29 years old, SD = 11). Henceforth, these participants are
called “Perceivers”. The perceivers watched 54 video clips of
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Table 1: Features used for comparison.

Spatial
Features

Spatio-temporal
Features

CV  -Intensity AU06 -Duration
-Intensity AU12 -Rise and decay speed

-Magnitude
EMG -ICRMS -Duration
from four -Rise and decay speed
EMG channels -Magnitude

smiles (27 posed smiles and 27 spontaneous smiles) selected
from smiles elicited as described above. All the perceivers
watched all the selected smiles only once in random order.
After watching each video clip, the perceivers labeled each
smile as spontaneous or posed. A one sample t-test showed
that their labeling accuracy was significantly different from
chance level (M = 0.50, (72) = 8.80, p < .01, 95% CI [.56 .59],
d = 0.58).

4 ANALYSIS

The data obtained from the 27 producers who produced at
least two smiles of each type was selected for analysis. The
main aim of the analysis was to compare the EMG- and
CV-based methods. Therefore, simple algorithms applicable
to both methodologies were preferred over more complex
classifiers.

Two types of features were used for each of the two modal-
ities (Table 1). First, spatial features are magnitude metrics
calculated sample by sample, independently of the number of
smiles. Second, spatio-temporal features are obtained from
each smile sample. Thus, the total number of data points
available for the spatial algorithm (1,313,528 times four chan-
nels for EMG, and 230,342 times two AUs for CV for all
smiles and all subjects) is higher than the data available for
the spatio-temporal version (245 smiles of both types by four
features by all subjects).

Feature extraction EMG. A similar algorithm to that de-
scribed in [37] was used to calculate both the spatial and the
spatio-temporal features of different smiles. In both cases the
surface EMG was recorded from four channels at a sampling
rate of 1 kHz . First, the data was band-pass filtered from 5 to
350 Hz. Second, it was notch filtered at harmonics of 50 Hz
up to 350 Hz. Third, the EMG signal was linearly detrended
to prevent drifts in the signal from contributing excessively
to classifier performance. Next, the signals were decomposed
using Independent Component Analysis (ICA) [9, 21] to sep-
arate the distal EMG from different source muscles.
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Figure 2: Classification results achieved with computer vision (CV) and electromyography (EMG) with spatial and spatio-
temporal features, and by human judges. EMG seems able to identify covert behavior that is not visually discernible as sug-
gested by its performance. CV seems able to identify visible dynamics that human judges could not account for. Asterisks
represent significant differences in the average accuracies.
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Figure 3: Average accuracy achieved by CV and EMG with spatial and spatio-temporal features, and by human judges. The spa-
tial features model was also trained in a subject independent cross-validation. The performance is very similar across modali-
ties, both in the subject-dependent and subject-independent models. The performance deteriorates for a subject independent
model, which suggests marked individual differences probably due to differences in smiling style and muscle anatomy.

(1) Spatial features. (1) Absolute value was applied to each
independent component (IC). Then, their root-mean
square (RMS) was calculated using overlapping 100 ms
windows and sliding one sample at a time.

(2) Spatio-temporal features. An envelope was fitted to the
rectified ICs by smoothing the data with an averaging
non-overlapping window of 100 ms, and a Savitzky-
Golay filter with a 5th order polynomial and with 41
as the frame length. Then the maximum and minimum
points of the envelope were identified. The maximum
magnitude, rise time, decay time, rise speed, decay
speed, and duration of the smile were calculated using
such peaks.

Feature extraction CV. Basis features were calculated using
OpenFace Toolkit 2.0 [1], a deep-learning, state-of-the-art
facial analyzer.

(1) Spatial features. The intensities of AU6 and AU12 cal-
culated frame by frame by OpenFace 2.0 were used as
input for the classifier.

(2) Spatio-temporal features. Landmarks for lips and eye
corners as calculated by OpenFace 2.0 were corrected
for head orientation in each frame. Then the displace-
ment of relevant landmarks with respect to the first
frame of the video was calculated. This is the proce-
dure for 3D landmark correction described in [19]. The
lip landmarks we used were 48 and 54. We chose eye
landmarks of 37, 40, 44, and 47. Landmark displace-
ment was then smoothed in a similar fashion as with
the EMG algorithm. Only the averaging window was

Paper 149 Page 5



CHI 2019 Paper

slid one frame at a time, to avoid data undersampling,.
Analogously, peak detection was performed, and the
features of maximum magnitude, rise time, decay time,
rise speed, decay speed, and duration of the smile were
calculated and used as input for the classification.

Classification. Not all participants displayed the same num-
ber of posed and spontaneous smiles, and the smile durations
varied greatly. Therefore, the feature vectors of the majority
class were undersampled to match the size of the minority
class. We used a support vector machine (SVM), with a radial
basis kernel, trained with each feature set. The best hyper-
parameter set was chosen automatically with the fitcsvm
Matlab function, independently for each modality. In both
the EMG and CV models, subject dependent cross-validation
was used with 85% training and 15% validation data. A test
set was not separated from the cross-validation train and val-
idation sets in the subject-dependent models because of the
limited number of smiles of some of the producers. Addition-
ally, subject independent SVM was fitted in a cross-validation
and used with 85% training and 15% validation data from
the N-1 producers. The data of one producer was left out
for use in testing the SVM model built with the other N-1
producer’s data. This procedure was repeated for all the pro-
ducers. The reported subject-independent accuracy is the
accuracy achieved when each producer was the test pro-
ducer. Finally, Spearman’s correlation coefficients between
the results of each modality and feature type were calculated.

5 RESULTS

The mean accuracy of the subject-dependent spatial features
was 88% (SD = 7%) for CV, and 99% (SD = 1%) for EMG. With
the subject-dependent spatio-temporal features, it was 87%
(SD = 4%) for CV, and 91% (SD = 5%) for EMG. The accuracy
of the classification of each producer for each model is shown
in Figure 2. As regards human judgment, the accuracy of
each point is the average for all the judges (perceivers) per
target (producers). From the plot it can be observed that, for
the spatial features, EMG accuracy is high even when the
accuracy with CV is lower. Wilcoxon signed-rank tests indi-
cated that the difference between EMG and CV is significant
for both the spatial (V = 0, p < .01) and the spatio-temporal
features (V = 83.5, p < .05). Similar tests were used to as-
sess the differences between feature-type per modality. With
EMG, the spatial features performed significantly better than
the spatio-temporal features (V = 293.5, p < .01). However,
the difference was not significant for CV (V = 0, p > .05).
Moreover, EMG accuracy is consistently higher than human
accuracy, both in the magnitude feature space (V = 378, p
< .01) and the spatio-temporal one (V = 0, p < .01). CV ap-
pears more consistent with human perception in both types
of features. However, the differences in accuracy are also
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significant in both the spatial (V = 378, p < .01) and spatio-
temporal (V = 0, p < .01) cases. None of the cross-modality
pairs showed a strong correlation for either spatial or spatio-
temporal features (|r| < .26, p > .10).

The mean accuracy of the subject-independent spatial
features model was 52% (SD = 8%) for CV, and 49% (SD = 7%)
for EMG in the test set (Figure 3).

6 DISCUSSION

This paper aimed to shed light on information available
through both CV and EMG measurements, and to compare
it with human perception of the same data. For this purpose,
comparable features for both modalities were used. Addi-
tionally, the same SVM algorithm with subject-dependent
cross-validation was applied for both modalities (Figure 2
and 3). EMG appears to be the best performing modality,
probably because it picks up covert behaviors that are invisi-
ble to the naked eye. Muscle activation can occur that inhibits
facial movement [44], and therefore no visible information is
available. Moreover, the performance of the EMG classifiers
achieved with this data set appears opposite to that achieved
in earlier work [37]. Previously, spatio-temporal features
outperformed spatial features. This might be because the
posed smiles elicited in this experiment are smiles faking a
positive valence even if their self-report described a slightly
negative valence. These smiles might be different from smiles
elicited under instruction from an experimenter or smiles
produced voluntarily for the camera. The magnitudes of the
posed smiles elicited here appear weaker. Additionally, when
smiles are performed based on an instruction, the instruction
itself might alter the duration and other temporal dynamics
of the smile. The elicitation method used in this data set
carefully avoided this problem.

With the spatio-temporal features, the data is limited to
the number of smiles shown, which is independent of the
modality. Therefore, CV and EMG perform very similarly. On
the other hand, with the spatial features, the amount of data is
dependent on the sampling rate of the sensor used. Whereas
EMG was sampled at 1kHz, the video data contained only 30
FPS. EMG might have had an advantage by measuring more
samples per smile, increasing the difference in performance
between CV and EMG. Future work should assess whether or
not the performance of EMG-based distinction is affected if
the EMG data is undersampled to match the camera’s speed.

Even though CV and human judges use the same visual
features, CV outperforms human judges in distinguishing
posed and spontaneous smiles. Moreover, the EMG perfor-
mance is constantly higher than human performance for the
subject-dependent model. The lack of correlation between
the modality-feature pairs in the subject-dependent models
suggests that indeed EMG and CV are complementary. The
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fact that there is no high correlation between CV and hu-
mans probably suggests that humans rely on context and
movements other than AU06 and AU12. The smile video clips
shown to the perceivers lack other contextual information on
which humans usually rely to make their judgments. Finally,
the ground-truth labeling was based on tags assigned by the
producers. Since they are not expert coders, they might have
mainly tagged expression apexes. Therefore, the smile video
clips might have lacked certain critical dynamics related to
the start and end of the smile for perceivers to achieve a sim-
ilar result to CV. On the other hand, the subject-dependent
automatic models were tailored to each producer. Human
judges did not know the producers, and they received no
feedback during the task. Thus, the model they used to make
their decisions depended on their previous experiences with
other people. This might explain their modest performance
compared with automatic recognition. This is also in line
with the results obtained with subject independent mod-
els. The individual differences in smiling style and muscle
anatomy are possible reasons for the drop in accuracy to
roughly chance level. EMG is known to be dependent on
each person’s physiognomy, therefore large individual dif-
ferences are expected. However, the low CV performance is
surprising, given that other studies have achieved very high
performances independently of the person smiling [12, 49].

All in all, CV and EMG appear to be measuring comple-
mentary information that can be useful depending on the
situation. Whereas CV is easy to set, non-obstructive, and
sufficiently accurate, state-of-the-art algorithms are too com-
putationally expensive to be useful in online settings or with
embedded devices. On the other hand, traditional EMG is too
obstructive to be of any practical use during user evaluations.
However, wearable technologies capable of measuring EMG
distally have improved EMG’s usability. Now it is possible
to quantify user experience with minimum obtrusion. More-
over, wearable EMG technology might be advantageous in
situations where facial expressions are suppressed by the
wearer, when there is a high degree of movement and occlu-
sion, and when high performance is required in an online set-
ting. As wearable technologies improve, EMG technologies
may become increasingly relevant for assessing behaviors
imperceptible to CV or humans.

Finally, this study suggested that, at least in the subject-
dependent case, a simple classifier suffices. The use of simpler,
faster algorithms will become more relevant as we move to
real-time, embedded identification applications. For example,
smarter experience sampling intervals for qualitative ESM
diary entries could be triggered by automatically detected
significant events.
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7 LIMITATIONS OF THIS STUDY

This work presented only one method of comparing the
EMG- and CV-based identification of posed and spontaneous
smiles. Many other methods can be tried for both modalities
with a view to improving performance [2]. However, we
strove to make the comparison as fair as possible by using
the same features and classification methods. It is difficult
to achieve a good comparison from the literature due to
methodological differences. This is the first study to directly
compare CV and distal EMG. By using a similar classifica-
tion technique for both modalities, we attempted to explore
individual differences in smiling behavior and the visibility
of the information selected by each modality.

Moreover, the EMG’s high performance has to be carefully
interpreted due to possible bias in the results. First, the test
set was not separated from the cross-validation train and the
validation sets in the subject-dependent models due to the
limited amount of data. Thus, there is still a possibility that
our model is overfitted. Second, the experimental design for
gathering the data might have influenced the results, as the
spontaneous block always preceded the posed block. This
choice was made to ensure that the producer’s smiles were
spontaneous. To mitigate the effects of this block design,
trends in the EMG signal were removed during the analysis.
However, the order effect might have influenced the EMG
models. Nevertheless, this possibility is small, as the results
achieved by CV and EMG are similar. Furthermore, the EMG
preprocessing is based on [18, 36, 37]. The reported accuracy
is consistently around 90% for different types of smiles and
in counterbalanced experimental designs.

8 CONCLUSIONS AND FUTURE WORK

We compared the performance of CV and EMG measure-
ments in the task of distinguishing posed and spontaneous
smiles. The highest performance was achieved with EMG
and spatial features. This might be due to the nature of the
posed smiles elicited in this data set. Hence, further research
should explore differences between different types of posed
smiles. Furthermore, the results showed that EMG has an ad-
vantage as regards identifying covert behavior not available
through vision. Future work should explore in more detail
the influence of factors such as sampling rate and training
scheme. Moreover, CV appears able to identify visible dy-
namic features that human judges cannot account for. This
sheds light on the role of non-observable behavior in dis-
tinguishing affect-related smiles from posed smiles to avoid
bias during automatic user experience assessments.
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