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a b s t r a c t
This study develops a framework for the detection and analysis of stress/anxiety emotional states through
video-recorded facial cues. A thorough experimental protocol was established to induce systematic
variability in affective states (neutral, relaxed and stressed/anxious) through a variety of external and
internal stressors. The analysis was focused mainly on non-voluntary and semi-voluntary facial cues in
order to estimate the emotion representation more objectively. Features under investigation included
eye-related events, mouth activity, head motion parameters and heart rate estimated through camerabased photoplethysmography. A feature selection procedure was employed to select the most robust
features followed by classiﬁcation schemes discriminating between stress/anxiety and neutral states
with reference to a relaxed state in each experimental phase. In addition, a ranking transformation was
proposed utilizing self reports in order to investigate the correlation of facial parameters with a participant perceived amount of stress/anxiety. The results indicated that, speciﬁc facial cues, derived from eye
activity, mouth activity, head movements and camera based heart activity achieve good accuracy and are
suitable as discriminative indicators of stress and anxiety.
© 2016 Elsevier Ltd. All rights reserved.

1. Introduction
Stress and anxiety are common everyday life states of emotional
strain that play a crucial role in the person’s subjective quality of
life. These states consist of several complementary and interacting components (i.e., cognitive, affective, central and peripheral
physiological) [1] comprising the organism’s response to changing
internal and/or external conditions and demands [2]. Historically,
the potential negative impact of stress/anxiety on body physiology
and health has long been recognized [3]. Although stress and, particularly, anxiety are subjective, multifaceted phenomena, which
are difﬁcult to measure comprehensively through objective means,
more recent research is beginning to throw light on the factors that
determine the degree and type of stress/anxiety-related impact
on personal health, including characteristics of the stressor itself,
and various biological and psychological vulnerabilities. However,
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there is evidence that they bear both direct and long term consequences on the person’s capacity to adapt to life events and function
adequately, as well as to overall wellbeing [4].
Stress is often described as a complex psychological, physiological and behavioural state triggered upon perceiving a signiﬁcant
imbalance between the demands placed upon the person and their
perceived capacity to meet those demands [5,6]. From an evolutionary standpoint, it is an adaptive process characterized by increased
physiological and psychological arousal. The two key modes of
the stress response (“ﬁght” and “ﬂight”) were presumably evolved
to enhance the survival capacity of the organism [1,7]. Nevertheless, prolonged stress can be associated with psychological and/or
somatic disease [8]. Anxiety is the unpleasant mood characterized
by thoughts of worry and fear, sometimes in the absence of real
threat [9,10]. When anxiety is experienced frequently and at intensity levels that appear disproportional to the actual threat level, it
can evolve to a broad range of disorders [11,12].
It should be noted that the terms stress and anxiety are often
used interchangeably. Their main difference is that anxiety is usually a feeling not directly and apparently linked to external cues
or objective threats. On the other hand, stress is an immediate
response to daily demands and is considered to be more adaptive than anxiety. Nevertheless, anxiety and stress typically involve
similar physical sensations, such as higher heart rate, sweaty palms
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Table 1
Categorization of facial features types connected with stress and anxiety.
Head

Eyes

Mouth

Gaze

Pupil

Head movement
Skin colour
Heart rate (facial PPG)

Blink rate
Eyelid response
Eye aperture
Eyebrow movements

Mouth shape
Lip deformation
Lip corner puller/depressor
Lip pressor

Saccadic eye movements
Gaze spatial distribution
Gaze direction

Pupil size variation
Pupil ratio variation

and churning stomach [13], triggered by largely overlapping neuronal circuits [9] when the brain fails to distinguish the difference
between a perceived and a real threat. These similarities extend to
the facial expressions associated with each state and, accordingly,
they were considered as a single state in the present study.
1.1. Physical, mental and cognitive effects of stress/anxiety
Stress and anxiety have impact both on physical and mental
health [14]. They are also implicated in the onset and progression of
immunological, cardiovascular, circulatory or neurodegenerative
diseases [15]. Evidence from both animal experiments and human
studies suggests that stress may attenuate the immune response
and increase the risk for certain types of cancer [15].
Increased skeletal, smooth and cardiac muscle tension, gastric
and bowel disturbances [13] are additional typical signs of stress
and anxiety, which are linked to some of their most common symptoms and disorders, namely headache, hypertension, exaggeration
of lower back and neck pain, and functional gastrointestinal disorders (such as irritable bowel syndrome) [4]. These signs are
frequently accompanied by restlessness, irritability, and fatigue
[12]. From a psychological perspective, prolonged stress and anxiety is often identiﬁed as a precipitating factor for depression and
panic disorders and may further interfere with the person’s functional capacity through impaired cognition (e.g., memory, attention
[16] and decision making [17]).
Stress can be detected through biosignals that quantify physiological measures. Stress and anxiety affect signiﬁcantly upper
cognitive functions [18] and their effects can be observed through
EEG recordings [19,20]. Mainly, stress is identiﬁed through arousal
related EEG features such as asymmetry [20,21], beta/alpha ratio
[22] or increased existence of beta rhythm [23]. Stress regulates
active sweat glands [24] increasing the skin conductance during
stress conditions. Thus, stress can be detected with the use of
Galvanic Skin response (GSR) which has been adopted as a reliable psychophysical measure [25,26]. Breathing patterns are also
correlated with emotional status and can be used for stress and anxiety detection [27]. Studies report that respiration rate increases
signiﬁcantly under stressful situations [28]. Additionally, EMG is
a biosignal measuring muscle action potentials, where trapezius muscle behaviour is considered to be correlated with stress
[29–31]. Finally, speech features are affected in stress conditions
[32], the voice fundamental frequency being the most investigated
in this research ﬁeld [33,34].
1.2. Effects of anxiety/stress on the human face
An issue of great interest is the correspondence between information reﬂected in and conveyed by the human face and the
person’s concurrent emotional experience. Darwin argued that
facial expressions are universal, i.e. most emotions are expressed in
the same way on the human face regardless of race or culture [35].
There are several recent studies reporting ﬁndings that facial signs
and expressions can provide insights into the analysis and classiﬁcation of stress [34,36,37]. The main manifestations of anxiety on
the human face involve the eyes (gaze distribution, blinking rate,
pupil size variation), the mouth (mouth activity, lip deformations),

the cheeks, as well as the behaviour of the head as a whole (head
movements, head velocity). Additional facial signs related to anxiety may include a strained face, facial pallor and eyelid twitching
[38]. In reviewing the relevant literature, facial features of potential
value as signs of anxiety and stress states were identiﬁed (as listed
in Table 1) and are brieﬂy described in this section.
There have been reports that head movements can be used as
a stress indicator, although their precise association has not yet
been established. It has been reported that head movements during stressful conditions are more frequent [39], more rapid [37]
and there is greater overall head motion [40]. In [41] head nods
and shakes were employed among other features in order to discriminate complex emotional situations. Regarding the eye region,
features like the blink rate, eye aperture, eyelid response, gaze distribution and variation in pupil size have been studied. Blinking can
be voluntary but also as a reﬂex to external or internal stimuli and
blinking rate typically increases with emotional arousal, including
stress and anxiety levels [10,37,42,43]. The blinking rate is affected
by various other states, such as lying [44], and disorders such as
depression, Parkinson’s disease [45] and schizophrenia [46]. It is
also affected by environmental conditions such as humidity, temperature and lighting [47]. The percentage of eyelid closure induced
by a light stimulus (increase in brightness) was signiﬁcantly higher
in a group of anxious persons when compared to the corresponding
response of non-anxious individuals [48].
Similarly, gaze direction, gaze congruence and the size of the
gaze-cuing effect are inﬂuenced by the level of anxiety or stress
[49,50]. Persons with higher trait anxiety demonstrate greater gaze
instability under both volitional and stimulus-driven ﬁxations [51].
Moreover, high levels of anxiety were found to disrupt saccadic control in the antisaccade task [52]. Anxious people tend to be more
attentive and to make more saccades toward images of fearful and
angry faces than others [53,54]. Various studies have documented
an association between pupil diameter and emotional, sexual or
cognitive arousal. In addition, pupil dilation can be employed as an
index of higher anxiety levels [55,56]. Pupillary response to negatively valenced images also tends to be higher among persons
reporting higher overall levels of stress [57]. Pupil size may also
increase in response to positive, as well as negative arousing sounds
as compared to emotionally neutral ones [58].
There is also sufﬁcient evidence in the research literature that
mouth-related features, particularly lip movement, are affected by
stress/anxiety conditions [37]. Asymmetric lip deformations have
been highlighted as a characteristic of high stress levels [59]. In
addition, it was found [60] that the frequency of mouth openings
was inversely proportional to stress level, as indexed by higher cognitive workload. A technique designed to detect facial blushing has
been reported and applied to video recording data [61] concluding that blushing is closely linked to anger-provoking situations
and pallor to feelings of fear or embarrassment. The heart rate has
also an effect on the human face, as facial skin hue varies in accordance to concurrent changes in blood volume transferred from the
heart. There is the general notion in the literature that the heart
rate increases during conditions of stress or anxiety [62–66] and
that heart rate variability parameters differentiates stress and neutral states [66–68]. Finally, there are approaches that aim to detect
stress through facial actions coding. The most widely used coding
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scheme in this context is the Emotional Facial Action Coding System
(EMFACS) [69]. This coding was used to determine facial manifestations of anxiety [10], to classify (along with cortisol, cardiovascular
measures) stress responses [70] and to investigate deﬁcits in social
anxiety [71].

1.3. Procedural issues of the available literature
Most of the relevant literature focuses on the automatic classiﬁcation of basic emotions [72] based on the processing of
facial expressions. Reports on stress detection are fewer, typically employing images [53,54,73], sounds [58], threats [51] or
images mimicking emotions [74] as stressful stimuli. Results of
some of these studies are often confounded by variability in stimulation conditions, e.g. videos with many colours and light intensity
variations, which are known to affect the amplitude of pupillary
responses. Perhaps more important with respect to the practical
utility of automatic detection techniques is the validity of the experimental setup employed. Well-controlled laboratory conditions are
necessary in the early phases of research in order to select pertinent
facial features and optimize detection and classiﬁcation algorithms.
These settings are, however, far from real-life conditions in which
anxiety and stress are affected by a multitude of situational factors,
related to both context and cognitive-emotional processes taking
place within the individual and determining the speciﬁc characteristics and quality of anxiety and accompanying feelings (fear,
nervousness, apprehension, etc.) [75].
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2. Methods
2.1. Experimental setup
Study participants were seated in front of a computer monitor
while a camera was placed at a distance of approximately 50 cm
with its ﬁeld of view (FOV) able to cover properly the participant’s
face. At the start of the procedure, participants were fully informed
about the details of the study protocol and the terms “anxiety” and
“stress” were explained in detail. The experimental setup is shown
in Fig. 2.
50cm

Fig. 2. Experimental setup for video acquisition.

1.4. Purpose of the paper
The work reported in this manuscript focuses on the automated
identiﬁcation of a set of facial parameters (mainly semi- or/and
non-voluntary) to be used as quantitative descriptive indices
in terms of their ability to discriminate between neutral and
stress/anxiety state. In support of this objective, a thorough experimental procedure has been established in order to induce affective
states (neutral, relaxed and stressed/anxious) through a variety of
external and internal stressors designed to simulate a wide range
of conditions. An emotion recognition analysis workﬂow used is
presented in Fig. 1.

Contranst
enhancement

Reference
determinaon

The equipment included a colour video camera placed on a
tripod behind and above the pc monitor. Diffused lightning was
generated by two 500 W spotlights covered with paper. A checkerboard of 23-mm square size was used to calibrate the pixel size in
calculating actual distances between facial features.
2.2. Experimental procedure
The ultimate objective of the experimental protocol was to
induce affective states (neutral, relaxed and stressed/anxious)
through a variety of external and internal stressors designed to
simulate a wide range of everyday life conditions. A neutral (reference) condition was presented at the beginning of each phase of
the experiment as listed in Table 2.

Feature extracon

Face Detecon

Facial ROI
determinaon

Preprocessing

•
•
•
•

Eyes
Mouth
Head
Heart Acvity

Feature selecon

Result:
Classiﬁcaon

Neutral
Stress/anxiety

Machine Learning

Fig. 1. Overview of the framework for the stress/anxiety detection through facial
videos.

The advantages of the present study relate to the fact that
(a) a variety of semi voluntary facial features are jointly used for
the detection of anxiety and/or stress instead of the traditional
facial expression analysis, (b) the experimental protocol consists
of various phases/stressful stimuli covering different aspects of
stress and anxiety, and (c) the facial features that are involved
in stress/anxiety states for different stimuli are identiﬁed through
machine learning techniques.

2.2.1. Social exposure phase
A social stressor condition was simulated by asking participants
to describe themselves in a foreign language having its origin in
the stress faced by an actor when he/she is at the stage. There is
reported evidence that people talking a foreign language become
more stressed [76]. A third condition in the exposure phase entailed
reading aloud an 85 word emotionally neutral literary passage. The
latter aimed to induce moderate levels of cognitive load and was
similar to the self-describing task, in the sense that both required
overt speech.
2.2.2. Emotion recall phase
Negative emotions that resemble acute stress and anxiety were
elicited by asking participants to recall and relive a stressful and
an anxiety eliciting event from their past life as if it was currently
happening.
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Table 2
Experimental tasks and conditions employed in the study.
Duration (min)

Affective State

Social Exposure
1.1
Neutral (reference)
1.2
Self-describing
1.3
Text Reading

Experimental phase

1
1
½

N
A
A

Emotional recall
2.1
Neutral (reference)
2.2
Recall anxious event
2.3
Recall stressful event

½
½
½

N
A
A

Stressful images/Mental task
3.1
Neutral/Stressful images
3.2
Mental task (Stroop)

2
2

A
A

Stressful videos
4.1
Neutral (reference)
4.2
Calming video
4.3
Adventure video
4.4
Psychological pressure video

½
2
2
2

N
R
A
A

Note: Intended affective state (N: neutral, A: anxiety/stress, R: relaxed).

2.2.3. Stressful images/mental task phase
Neutral and unpleasant images from the International Affective
Picture System (IAPS) [77] were used as affect generating stimuli.
Stimuli included images having stressful content such as human
pain, drug abuse, violence against women and men, armed children,
etc. Each image was presented for 15 s.
Higher levels of cognitive load were induced through a modiﬁed Stroop colour-word reading task, requiring participants to read
colour names (red, green, and blue) printed in incongruous ink (e.g.,
the word RED appearing in blue ink) [78]. In the present task, difﬁculty was increased by asking participants to ﬁrst read each word
and then name the colour of the word.

2.2.4. Stressful videos phase
Finally, three 2-min video segments were presented in
attempting to induce low-intensity positive emotions (calming
video), and stress/anxiety (action scene from an adventure ﬁlm or
scene involving heights to participants who indicated at least moderate levels of acrophobia, and a burglary/home invasion while the
inhabitant is inside).

2.3. Data description
The participants in our study were 23 adults (16 men, 7 women)
aged 45.1 ± 10.6 years. The study was approved by the NorthWest Tuscany ESTAV (Regional Health Service, Agency for the
Technical-Administrative Services of Wide Area) Ethical Committee. All participants gave informed consent. The clinical protocol
described in Section 2.2 was applied, which lead to the generation
of 12 videos (3 neutral, 8 anxiety/stress and 1 relaxed states) for
each participant. Videos were sampled at 50 fps with a resolution
of 526 × 696 pixels. The duration of these videos ranged between
0.5, 1 and 2 min as described in Table 2. After the end of tasks 3.1,
4.2, 4.3, and 4.4 participants were asked to rate the level of stress
they experienced during the preceding video/image on a scale of 1
(very relaxed) to 5 (very stressful).

2.4. Data preprocessing
Video pre-processing involved histogram equalization for contrast enhancement, face detection, and region of interest (ROI)
determination.

2.4.1. Face ROI detection
Face detection is a fundamental step of facial analysis via
image/video recordings. It is an essential pre-processing step for
facial expression and face recognition, head pose estimation and
tracking, face modelling and normalization [79,80]. Early face
detection algorithms can be classiﬁed into knowledge based, feature invariant, template matching, and appearance based. These
methods used different features, such as integrating edge, colour,
size, and shape information and different modelling and classiﬁcation tools, including mixture of Gaussians, shape templates,
active shape models (ASM), eigenvectors, hidden Markov models (HMM), artiﬁcial neural networks (ANN), and support vector
machines (SVM) [79]. It appears that the last category of appearance
based methods were the most successful [80]. Modern approaches
of face detection are based on the Viola and Jones algorithm [81]
which is widely adopted in the vast majority of real-world applications. This algorithm combines simple Haar-like features, integral
images, the AdaBoost algorithm, and the attention cascade to significantly reduce computational load. Several variants of the original
Viola and Jones algorithm are presented in [80].
2.5. Active appearance models
Active appearance models (AAM) [82,83] have been widely
applied towards emotion recognition and facial expression classiﬁcation, as they provide a stable representation of the shape and
appearance of the face. In the present work, the shape model was
built as a parametric set of facial shapes, described as a set of L
landmarks ∈ R2 forming a vector of coordinates
S = [{x1 , y1 }, {x2 , y2 }, ..., {xL , yL }]T
A mean model shape s0 was formed by aligning face shapes
through Generalized Procrustes Analysis (GPA) [84]. Alignment of
two shapes S1 and S2 was performed by ﬁnding scale, rotation and
translation parameters that minimize the Procrustes distance metric

dS1 ,S2


 L

=
(x1k − x2k )2 + (y1k − y2k )2
k=1

For every new alignment step the mean shape was re-computed
and the shapes were aligned again to the new mean. This procedure was iterated until the mean shape did not change signiﬁcantly.
Then, Principal Components Analysis (PCA) was employed projecting data onto an orthonormal subspace in order to reduce data
dimension. According to this procedure, a shape s can be expressed
as
s = s0 +



pi si

where s0 is the mean model shape and pi the model shape parameters.
The appearance model was built as a parametric set of facial textures. A facial texture A of m pixels was represented by a vector of
intensities gi
A(x) = [g1 g2 · · · gm ]T ∀x ∈ s0
Likewise the shape model was based on the mean appearance A0
and the appearance images Ai which were computed by applying
PCA to a set of shape normalized training images. Each training
image was shape normalized by warping the training mesh onto
the base mesh s0 [83]. Following PCA, textures Ai can be expressed
as
A(x) = A0 (x) +



i Ai (x)
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where A0 (x) is the mean model appearance and i the model
appearance parameters.
When the model is created, it was ﬁtted to new images or video
sequences I by identifying the shape parameters pi and appearance
parameters i that produced the most accurate ﬁt. This nonlinear
optimization problem aims to minimize the objective function



2

[I(W (x; p)) − A0 (W (x; p))] ∀x ∈ s0

x
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if the global displacement d is replaced by a spatially varying displacement ﬁeld d(x). This equation is solved over a neighborhood
of each pixel.
This method was selected because it produced the lowest error
in a comparison to the most popular methods as reported in [86],
as well as the fact that it produces a dense motion ﬁeld that is able
to capture the spatially varying motion patterns of the lips.
2.7. Camera based photoplethysmography

where W is the warping function. This minimization was performed
using the inverse compositional image alignment algorithm [83].

In this work, dense optical ﬂow was used for the estimation of
mouth motion. The velocity vector for each pixel was calculated
within the mouth ROI and the maximum velocity, or magnitude, in
each frame was extracted. Optical ﬂow was applied only on the Q
channel of the YIQ transformed image, since the lips appear brighter
in this channel [85]. For subsequent feature extraction, the maximum magnitude over the entire video was taken as the source
signal.
Optical ﬂow is a velocity ﬁeld that transforms each of a series of
images to the next image. In video recordings optical ﬂow describes
the relative motion between the camera and the scene. It works
under two assumptions: The motion must be smooth in relation
to the frame rate, and the brightness of moving pixels must be
constant. For two frames, pixel I(x,y,t) in the ﬁrst frame moves by
distance dx and dy in the subsequent frame that is taken after time
dt. Accordingly, this pixel can be described as:

Camera based photoplethysmography (PPG) can be applied to
facial video recordings in order to estimate the heart rate (HR) as
described in [87] by measuring variations of facial skin hue associated with concurrent changes in blood volume in subcutaneous
blood vessels during the cardiac cycle. The method determines
a region of interest (ROI), which is reduced by 25% from each
vertical edge of the whole face ROI. The intensities of the three
colour channels (R, G, B) were spatially averaged in each frame to
provide a time series of the mean ROI intensities in each channel.
These time series were detrended and normalized. Then, Independent Component Analysis (ICA) decomposed the signal space into
three independent signal components and the component with
the lowest spectral ﬂatness was selected as the most appropriate. The frequency corresponding to the spectral distribution peak,
within the range of predeﬁned frequencies, determined the heart
rate. It should be noted, that quick body/head movements may
lead to artifacts which deteriorate method’s accurate estimation of
heart rate. This limitation could be handled with improved camera
characteristics or the usage of the ICA algorithm which enhances
independent source signals and reduces motion artifacts [87,88].

I(x, y, t) = I(x + dx, y + dy, t + dt)

3. Results

2.6. Optical ﬂow

In the current study, the velocity vector for each pixel was calculated by using dense optical ﬂow as described by Farnebäck
[86]. The procedure employs a two-frame motion estimation algorithm that initially applies quadratic polynomial expansion to both
frames on a neighbourhood level. Subsequently, the displacement
ﬁelds are estimated from the polynomial expansion coefﬁcients.
Consider the quadratic polynomial expansions of e.g. two frames
in the form
f1 (x) = xT A1 x + b1 T x + c1

f2 (x) = xT A2 x + b2 T x + c2

3.1. Facial feature/cue extraction
3.1.1. Eye related features
Eye related features were extracted using Active Appearance
Models (AAM) [82] as described in Section 2.5. The delineation of
the perimeter of each eyeball was segmented using 6 discrete landmarks as shown in the detail of left-hand panel. The 2-dimensional
coordinates (xi , yi ) of the 6 landmarks were used to compute the
eye aperture

that are related by a global displacement d:
f2 (x) = f1 (x − d)

1
|xi yi+1 − yi xi+1 |
2
N

A=

i=1

Solving for displacement d yields
1
(b2 − b1 )
d = − A−1
2 1

where N = 6 and the convention that xN+1 = x1

yN+1 = y1

This means that d can be gained from the coefﬁcients A1 , b1
and b2 , if A1 is non-singular. For a practical implementation the
expansion coefﬁcients (A1 , b1 , c1 and A2 , b2 , c2 ) are ﬁrst calculated
for both images and the approximation for A is made:
A=

A1 + A2
2

Based on the equations above and with
1
b = − (b2 − b1 )
2
A primary constraint can be obtained:
Ad = b
or
A(x)d(x) = b(x)

Fig. 3. (Left-hand panel) Eye aperture average distance calculation; (Right-hand
panel) Time series of eye aperture and detection of blink occurrence (red circles) by
the peak detection algorithm. (For interpretation of the references to colour in this
ﬁgure legend, the reader is referred to the web version of this article.)

An example of an aperture time series is shown in Fig. 3. Time
series were detrended and ﬁltered in order to remove artefactual
spikes introduced when the model occasionally loses its tracking and to smooth highly varying segments. The average aperture
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aggregated over the entire time mean value of this time series
determines the mean eye aperture that served as a feature in subsequent analyses.
Table 3
Average (±s.d.) values of eye related features for each emotion elicitation task and
the respective baseline and corresponding boxplots of eye related features.
Experimental phase
Social Exposure
1.1 Neutral (reference)
1.2 Self-description speech
1.3 Text reading
Emotional recall
2.1 Neutral (reference)
2.2 Recall anxious event
2.3 Recall stressful event
Stressful images/Mental task
3.1 Neutral/Stressful images
3.2 Mental task (Stroop)
Stressful videos
4.1 Neutral
4.2 Relaxing video (reference)
4.3 Adventure/heights video
4.4 Home invasion video

Eye Blink
(blinks/min)

Eye aperture
(pixels2 )

23.9 ± 14.2
35.0 ± 9.1*
8.8 ± 5.5**

453.5 ± 56.6
441.8 ± 90.1
513.6 ± 84.1*

18.8 ± 13.9
17.0 ± 11.1
25.9 ± 15.0**

493.0 ± 105.2
457.8 ± 110.2
393.2 ± 77.0*

26.9 ± 13.2*
26.8 ± 14.0

455.4 ± 53.1
424.1 ± 101.1

24.6 ± 16.7
15.4 ± 8.6
15.3 ± 8.2
23.7 ± 12.8**

438.8 ± 62.4
453.6 ± 78.6
493.7 ± 74.3*
447.5 ± 64.8

Colour coding of affect state: brown = neutral, red = stress/anxiety, green = relaxed
*p < 0.05.
**p < 0.01 for each task vs. the respective reference. In the stressful videos phase the
reference was the relaxing video.

A second eye-related feature, the number of blinks per minute,
was extracted from the same timeseries. Each eye blink can be seen
as a sharp aperture decrease as shown in Fig. 3. Detection of possible troughs was performed through signal’s derivative [89]. Then,
peak detection criteria [90] were applied based on the parameters
of peak SNR, ﬁrst derivative amplitude (peak slope), peak distance,
peak duration to ﬁlter small peaks and select only timeseries sharp
decreases as shown in the right panel of Fig. 3. Especially, the minimum peak duration parameter was set to 100 msec (corresponding
to 5 consecutive data points) given that an eye blink typically lasts
between 100 and 400 msec.
Data normality was checked in all experimental phases and
tasks. Extreme value analysis was applied to the data excluding

one participant who, upon visual inspection of the video recordings
showed stereotypical movements (tics) involving the upper facial
musculature. Repeated measures of one-way ANOVA [91] was used
to compare eye related features (blinks, aperture) across tasks separately for each experimental phase. The results are presented in
Table 3.
Results indicate increased blink rate under stressful situations compared to the corresponding neutral or relaxed state.
Speciﬁcally, statistically signiﬁcant increased blink rate was found
in the self-description (p < 0.05), the stressful event recall task
(p < 0.01), and psychological pressure video viewing (p < 0.01).
Stressful images viewing task was also associated with signiﬁcantly
increased blink rate (p < 0.05). On the other hand, eye blink frequency was reduced signiﬁcantly (p < 0.01) during text reading, and
increased during the Stroop colour-word task (both involved word
reading). Thus it appears that increased cognitive effort per se was
associated with increased blinking rate, whereas reading a continuous text for comprehension may require persistent attention
and increased saccadic activity. Mean eye aperture was increased
in stressful situations (text reading and adventure/heights video
viewing).

3.1.2. Mouth related features
From the maximum magnitude signal in the mouth ROI (cf. Section 2.6) the following features were extracted: the variance of time
intervals between adjacent peaks (VTI), the energy ratio (ENR) of
the autocorrelation sequence which was calculated as the ratio of
the energy contained by the last 75% of the samples of the autocorrelation sequence to the energy contained by the ﬁrst 25%, the
median, variance, skewness, kurtosis, and Shannon entropy in 10
equally sized bins. Features were not evaluated for tasks 1.2, 1.3,
3.1, 3.2 where mouth movements associated with speaking aloud
would confound emotion-related activity. The results of the mouth
related features are presented in Table 4.
Inspection of Table 4 reveals that systematic variation in several
metrics was restricted to the emotion recall conditions (associated
with increased VTI and skewness, and reduced entropy as compared to the neutral condition). VTI was used for estimating the
periodicity of the movements based on the observation that rhythmic movements would produce variances close to zero. A higher
VTI implies reduced rhythmicity of lip movements associated with
increased levels of stress/anxiety. Increased skewness indicates
higher asymmetry of the probability distribution, whereas entropy
is an index of reduced disorder or spread within the energy of
the signal. During watching stressful videos increased median and
variance of the maximum magnitude were found indicating faster
mouth movements.

Table 4
Average (±s.d.) of mouth related features for each emotion elicitation task and the respective neutral reference.
Experimental phase
Social Exposure
1.1 Neutral (reference)
Emotional recall
2.1 Neutral (reference)
2.2 Recall anxious event
2.3 Recall stressful event
Stressful video
4.1 Neutral (reference)
4.2 Relaxing video
4.3 Adventure/heights video
4.4 Home invasion video

VTI

ENR

0.75 ± 0.14

2.97 ± 0.93

0.72 ± 0.14
0.78 ± 0.14*
0.76 ± 0.08
0.78 ± 0.28
0.71 ± 0.19
0.74 ± 0.18
0.67 ± 0.12

Median

Variance

Skewness

−0.008 ± 0.004

0.004 ± 0.002

1.52 ± 0.55

5.77 ± 4.34

3.09 ± 0.12

3.14 ± 0.84
2.84 ± 0.58
3.01 ± 0.57

−0.011 ± 0.006
−0.010 ± 0.007
−0.008 ± 0.003

0.005 ± 0.004
0.005 ± 0.004
0.004 ± 0.003

1.07 ± 0.43
1.39 ± 0.56*
1.29 ± 0.25*

2.24 ± 2.08
3.56 ± 2.68
2.99 ± 1.52

3.13 ± 0.09
3.02 ± 0.21*
3.05 ± 0.14*

2.94 ± 0.79
2.49 ± 0.82
2.60 ± 0.67
2.71 ± 0.65

−0.009 ± 0.004
−0.013 ± 0.009
−0.010 ± 0.006
−0.014 ± 0.006**

0.007 ± 0.005
0.021 ± 0.021
0.010 ± 0.009*
0.010 ± 0.006*

1.24 ± 0.86
0.89 ± 0.25
1.06 ± 0.37
1.07 ± 0.35

2.84 ± 3.92
1.53 ± 1.08
2.50 ± 1.75
2.77 ± 2.52

3.06 ± 0.20
3.10 ± 0.17
3.09 ± 0.15
3.15 ± 0.08

Note: Mouth features were not evaluated during phase 3 and tasks 1.2 and 1.3.
*p < 0.05.
**p < 0.01 for each task vs. the respective neutral reference.

Kurtosis

Shannon Entropy
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3.1.3. Head movements
Active Appearance Models as described in Section 2.5 were used
to determine ﬁve speciﬁc facial landmarks pk , k = 1, 2, ..., 5 on the
nose as a highly stable portion of the face. The distribution of these
speciﬁc landmarks, shown in the left-hand panel of Fig. 4, were
selected in order to represent all types of translation and rotation
head movements in the coronal transverse planes. The 100th frame
in the time series was used as reference and in each frame the
Euclidean distance of these points from the corresponding points
of the reference frame was calculated.
The total head movement was deﬁned as the mean value of these
distances across all frames N during each task
movm =

1 1
ref
pk − pk 
N
5
N

5

i=1

k=1

where pk , k = 1, 2, ..., 5 the landmark points and . is the
Euclidean norm
The speed of head motion was calculated by
speed =

1 1
pk (t) − pk (t − 1)
N
5
N

5

t=2

k=1

Table 5 demonstrates statistically signiﬁcant increased head
motion parameters (amplitude and velocity) during stressful states
in each experimental phase and task. Increased amplitude of head
motion and velocity compared to neutral state (p < 0.01) appears
to be associated with speaking aloud (tasks 1.2, 1.3 and 3.2), and
the most prominent increase was noted during the self-description
speech. To a smaller degree, increased movement amplitude and
velocity was found during silent recall of anxious and stressful,
personal life event. During the Stroop colour-word test the movements were related in some way with the rhythmicity of words
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Fig. 4. (Left-hand panel) the positions of facial landmarks used for head movement analysis in the current frame are displayed by blue spots. The positions of
corresponding landmarks during the respective reference period are shown in red.
(Right-hand panel) the time series of estimated heal movement (task minus reference of 100th frame). (For interpretation of the references to colour in this ﬁgure
legend, the reader is referred to the web version of this article.)

presentations and the rhythmicity of their answers. Increased head
movement, without concurrent increase in velocity, was observed
while watching video segments.
3.1.4. Heart rate from facial video
Following the methodology presented in Section 2.7 and splitting data into partially overlapping sliding windows of 30 s, heart
rate estimates were obtained and are presented in Table 6.
As expected, heart rate increased when someone experiences
anxiety or stress. The most apparent increases were found during
the self-description, text reading and Stroop colour-word tasks as
compared to the corresponding neutral reference period (p < 0.01),
raising the question that heart rate may be affected by speech per se
rather than, or in addition to, task-related elevated anxiety levels.
3.2. Relationship between self-reports and facial signs

Table 5
Average (±s.d.) values of head movement features for each emotion elicitation task
and the respective neutral reference and corresponding boxplots.
Experimental phase
Social Exposure
1.1 Neutral (reference)
1.2 Self-description speech
1.3 Text reading
Emotional recall
2.1 Neutral (reference)
2.2 Recall anxious event
2.3 Recall stressful event
Stressful images/Mental task
3.1 Neutral/stressful images
3.2 Mental task (Stroop)
Stressful videos
4.1 Neutral (reference)
4.2 Relaxing video
4.3 Adventure/heights video
4.4 Home invasion video

Head movement
(pixels)

Head velocity
(pixels/frame)

4.8 ± 4.2
17.8 ± 8.2**
11.7 ± 4.4**

0.16 ± 0.11
0.58 ± 0.28**
0.44 ± 0.23**

4.7 ± 3.4
8.8 ± 5.8
9.6 ± 8.4*

0.12 ± 0.06
0.17 ± 0.09*
0.20 ± 0.12**

15.8 ± 8.4**
15.5 ± 8.1**

0.24 ± 0.14**
0.40 ± 0.26**

4.5 ± 2.5
13.9 ± 8.7
10.6 ± 4.9**
15.0 ± 13.0**

0.13 ± 0.06
0.15 ± 0.09
0.16 ± 0.10
0.16 ± 0.09

The participants’ self-reports of perceived stress after sessions 4.2, 4.3, and 4.4 were used to assess potential associations
between stress and facial signs at the individual level. Average (±s.d.) ratings were 1.55 ± 0.89 (relaxing video), 3.50 ± 1.11
(adventure/heights video), and 2.68 ± 1.06 (home invasion video).
One of the main problems in establishing associations relates to
the different subjective scales implicitly applied by each person
to mentally represent the entire range of experienced stress. Nonlinear models, such as pair-wise preference analysis, may be more
appropriate to map individual physiological responses parameters
to subjective stress ratings [92]. In the current study preference
pairs were constructed consisting of a stress rating and a single
feature value estimated for each of the four tasks listed above.
Correlation values were calculated using the test statistic [93]
c(z) =

N



zi /N



i=1

where zi is 1 if there is an agreement between the rating difference
(e.g. most stressful) and the corresponding difference in facial sign,
and −1 if there is disagreement. N is the number of non-zero differences between self-reports and facial signs for each task. This
statistic follows a binomial distribution



f (k, N, p) =

Colour coding of affect state: brown = neutral, red = stress/anxiety, green = relaxed.
Colour coding of affect state: brown = neutral, red = stress/anxiety, green = relaxed.
*p < 0.05.
**p < 0.01 for each task vs. the respective neutral reference.

N
k

pk (1 − p)N−k

where k is the number of agreements and p the a priori probability. The resulting binomially-distributed pairwise correlations
for the stressful video phase are presented in Table 7, demonstrating signiﬁcant, moderate-to-strong positive correlations between
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Table 6
Average (±s.d.) heart rate values and corresponding boxplots for each emotion
elicitation task and the respective neutral reference derived from facial video
photoplethysmography.
Experimental phase

Table 7
Pairwise rank correlations (c(z)) and corresponding p-values between stress selfratings and recorded facial signs.
Facial features

Social Exposure
1.1 Neutral (reference)
1.2 Self-description speech
1.3 Text Reading
Emotional recall
2.1 Neutral (reference)
2.2 Recall anxious event
2.3 Recall stressful event
Stressful images/Mental task
3.1 Neutral/stressful images
3.2 Mental task (Stroop)
Stressful videos
4.1 Neutral (reference)
4.2 Relaxing video
4.3 Adventure/heights video
4.4 Home invasion video

81.0 ± 14.7
93.7 ± 12.8**
89.7 ± 13.3*

Eye blinks

70.9 ± 8.9
82.1 ± 12.9**
74.7 ± 9.5

Head movement

74.7 ± 9.4
83.0 ± 10.8**

Mouth VTI

72.0 ± 11.7
72.2 ± 9.4
74.8 ± 8.3
74.7 ± 8.4

Eye aperture

Head velocity

Mouth ENR
Mouth Median
Mouth Skewness

120

Mouth Kurtosis
Shannon Entropy

110

Heart Rate
100

Heart rate (bpm)

Relaxing video paired with

Heart Rate (bpm)

Adventure/heights video

Home invasion video

0.100
0.160
0.368
0.052
−0.300
0.074
0.412*
0.033
0.556*
0.012
0.176
0.148
0.000
0.196
0.143
0.183
0.200
0.153
0.000
0.196
0.143
0.140

0.714**
0.006
0
0.209
−0.067
0.196
0.333
0.092
0.200
0.205
0.200
0.205
−0.273
0.161
0.000
0.246
0.000
0.246
−0.200
0.205
0.333
0.092

c(z)
p
c(z)
p
c(z)
p
c(z)
p
c(z)
p
c(z)
p
c(z)
p
c(z)
p
c(z)
p
c(z)
p
c(z)
p

Abbreviations; ENR: energy ratio; VTI: variance of time intervals between adjacent
peaks.
*p < 0.05.
**p < 0.01.

90
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50
1.1
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1.3
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3.2

4.1

4.2

4.3

4.4

Task
Colour coding of affect state: brown = neutral, red = stress/anxiety, green = relaxed.
*p < 0.05.
**p < 0.01 for each task vs. the respective neutral reference.

perceived stress levels and three facial features: higher blink rate,
head movement velocity, and variance of time intervals between
adjacent peaks (VTI) of mouth movements.

feature selection was performed using sequential forward selection (SFS) and sequential backward selection (SBS) methods [94] to
reduce the number of features to be used for automatic discrimination of facial recordings according to experimental task. The
objective function evaluating feature subsets was the area under
the ROC curve (AUC) [95] using the classiﬁer under investigation
and reﬂecting emotional states differences within each experimental phase. The initial feature set consisted of 12 features, and SFS
proved more effective than SBS to minimize the objective function.
Mouth-related features were not evaluated for data from phases 1
and 3 because they involve at least one speaking aloud task. This
procedure identiﬁed the sets of three to six most pertinent features
across experimental phases presented in Table 8. An example of the
area under curve as a function of the selected number of features
through SFS is presented in Fig. 5.

3.3. Neutral and stress/anxiety states reference determination
Initially, each measure obtained from individual participants
during all tasks were referenced to the task 4.2, which corresponds
to the relaxed state of each subject as a baseline of facial cues, and
all subsequent feature analyses were conducted on the difference
values

Table 8
Features selected from the sequential forward selection procedure.
Phase

Features Selected

1. Social Exposure

[head velocity, eye aperture, head movement,
heart rate]
[heart rate, mouth skewness, eye aperture, mouth
Shannon entropy, mouth median, mouth variance,
eye blinks]
[head velocity, head movement, eye blinks, heart
rate]
[head movement, heart rate, eye aperture, eye
blinks, mouth ENR, mouth skewness]

2. Emotional recall

x̂ = x − xref
where xref is the baseline condition (task 4.2) for each feature.
This transformation generates a common reference to each feature
across subjects providing data normalization.
3.4. Feature selection and ranking
In principle, classiﬁcation efﬁciency is directly related to the
number of relevant, complementary features employed in the procedure (as compared to univariate approaches). However, when
the number of features entered into the model exceeds a particular
level, determined by the characteristics of the data set used, classiﬁcation accuracy may actually deteriorate. In the present work,

3. Stressful images/
Mental task
4. Stressful Videos

Abbreviation; ENR: energy ratio.

It should be stated that the effectiveness of a feature selection
method depends on the evaluation metric, the classiﬁer used for
this metric, the distance metric and the selection method [96]. The
most robust features are selected in most cases but different classiﬁcation schemes may vary considering the selected least signiﬁcant
features as well as the overall order of selection.
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Fig. 5. Example of the area under curve as a function of the number of features
selected from SFS for the stressful videos phase and for K-nn classiﬁer.

3.5. Classiﬁcation performance results
The system’s classiﬁcation procedure uses the feature set (referenced data) derived from the feature selection procedure for the
data in each experimental phase (see Table 8). The classiﬁcation
methods that were used and tested are: K-nearest neighbours (Knn), Generalized Likelihood Ratio, Support Vector Machines (SVM),
Naïve Bayes classiﬁer and AdaBoost classiﬁer. Each classiﬁcation
method was tested in terms of classiﬁcation accuracy, i.e. its capacity to discriminate between feature sets obtained during the neutral
expression of each phase and feature sets obtained during the
remaining, stress-anxiety inducing tasks. A 10-fold cross-validation
was performed with the referred classiﬁers by randomly splitting
the feature set into 10 mutually exclusive subsets (folds) of approximately equal size. In each case, the classiﬁer was trained using 9
folds (90% of data) and tested on the remaining data (10% of data).
The classiﬁcation procedure was repeated 20 times and the average
classiﬁcation accuracy results are presented in Table 9
It can be observed that the classiﬁcation results demonstrate
good discrimination ability for the experimental phases performed. In each experiment phase, classiﬁcation accuracy that
range between 80% and 90% taking into account the most effective classiﬁer. The best classiﬁcation accuracy was presented in the
social exposure phase using Adaboost classiﬁer achieving accuracy
of 91.68%. The phase with Stroop-colour test and stressful images
(phase 3) appeared to be more consistent across classiﬁers tested.
4. Discussion
This study investigates the use of task elicited facial signs as
indices of anxiety/stress in relation to neutral and relaxed states.
Although there is much literature discussing recognition and analysis of the six basic emotions, i.e. anger, disgust, fear, happiness,
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sadness and surprise, considerably less research has focussed on
stress and anxiety detection from facial videos. This can be justiﬁed partially by the fact that these states are considered as
complex emotions that are linked to basic emotions (e.g. fear)
making them more difﬁcult to be interpreted in the human face.
The sensitivity of speciﬁc measures of facial activity to situational
stress/anxiety states was assessed in a step-wise manner, which
entailed univariate analyses contrasting emotion elicitation tasks
to their respective neutral reference conditions, followed by multivariate classiﬁcation schemes. The ultimate goal of these analyses
was to identify sets of facial features, representing involuntary or
semi-voluntary facial activity that can reliably discriminate emotional from neutral states through unsupervised procedures.
The facial cues ﬁnally used in this study involved eye related
features (blinks, eye aperture), mouth activity features (VTI, ENR,
median, variance, skewness, kurtosis and Shannon entropy), head
movement amplitude, head velocity and heart rate estimation
derived from variations in facial skin colour. All these features
provide a contactless approach of stress detection not interfering
with human body in relation to other related studies employing
semi-invasive measurements like ECG, EEG, galvanic skin response
(GSR) and skin temperature. In addition, this approach incorporates
information from a broad set of features derived from different face
regions providing a holistic view of the problem under investigation. The sensitivity of these features was tested across different
experimental phases employing a wide variety of stress/anxiety
eliciting conditions. It was deduced that certain features are sensitive to stress/anxiety states across a wide range of eliciting
conditions, whereas others display a more restricted, task-speciﬁc
performance.
It can be concluded that eye blink rate increases during speciﬁc stress and anxiety conditions. In addition, head movement
amplitude and velocity is also related to stress, in the form of small
rapid movements. Regarding mouth activity, the median and temporal variability (VTI) of the maximum magnitude increased while
watching a stressful video whereas Shannon entropy appears to
decrease. Finally, increased heart rate was observed during stress
and anxiety states, where the most apparent differences were noted
in the social exposure phase (self-describing speech, text reading)
and mental task (Stroop colour-word test). The feature selection
procedure led to identifying speciﬁc features as being more robust
in discriminating between stress/anxiety and a neutral emotional
mode.
The classiﬁcation accuracy reached good levels as compared to
the results of the few related studies available [25,34,37,97,98], taking into account the complexity and situational speciﬁcity of these
emotional states. Studies [37] and [97] used, among other features,
facial features achieving 75%–88% and 90.5% classiﬁcation accuracy
respectively. Biosignals like Blood Volume Pulse (BVP), Galvanic
Skin Response (GSR), Pupil Diameter (PD) and Skin Temperature
(ST) are used also in literature for discriminating stress situation as
in [25,98,99] achieving 82.8%, 90.1% and 90.1% classiﬁcation accuracies respectively. To our knowledge, the best accuracy achieved is
97.4% in discriminating among 3 states of stress [30], but the techniques used (ECG, EMG, RR, GSR) are semi-invasive and therefore
less convenient in real life applications. An intuitive review of stress

Table 9
Average stress classiﬁcation accuracy results for each task.

1. Social Exposure
2. Emotional recall
3. Stressful images/Mental task
4. Stressful Videos

K-nn (%)

Generalized likelihood ratio (%)

Naive Bayes (%)

AdaBoost (%)

SVM (%)

85.54
88.70
88.32
88.32

86.96
72.39
81.96
75.49

86.09
73.26
83.42
71.63

91.68
81.03
87.28
83.80

82.97
65.82
83.15
76.09
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detection techniques with corresponding classiﬁcation accuracies
is presented in [34].
On the other hand, some limitations of the experimental procedure and analysis should be noted. The duration of facial recording
may affect results, especially if it is very short and the consequent analysis of speciﬁc facial cues can be dubious. Based on
our experiences, it is suggested that a video recording of at least
1 min duration could yield more reliable estimates and should be
used for future recordings. Moreover, elicitation of anxiety and
stress states took place in a controlled, laboratory environment
somehow limiting the generalizability of results to real-life situations where the intensity and valence of stressors may vary more
widely. Physical conditions during facial recordings are found to
affect the sensitivity of certain features, such as pupil size variation or blink rate where global monitor luminance changes induced
by alternating static or dynamic visual stimuli (video scenes) are
affecting some physiological features independently of cognitive
and emotional state variables. Individual differences in both static
and dynamic aspects of facial features represent another source of
unwanted variability in the association between preselected facial
features and individual emotional states. In the present study, a
person-speciﬁc, reference condition was used to scale each facial
feature to a common baseline prior to classiﬁcation. An active reference was selected (viewing a relaxing video), which was intended
to elicit facial activity related to attention and visual/optokinetic
tracking, without triggering intense emotions.
In conclusion, this study investigated facial cues implicated in
stress and anxiety. A sound analytical framework has been developed for the analysis, recognition and classiﬁcation for efﬁcient
stress/anxiety detection through facial video recordings, achieving
good classiﬁcation accuracy in relation to the neutral state.
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