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Abstract
Long-exposure to stress is known to lead to physical and
mental health problems. But how can we as individuals
track and monitor our stress? Wearables which measure
heart variability have been studied to detect stress. Such
devices, however, need to be worn all day long and can
be expensive. As an alternative, we propose the use of
frontal face videos to distinguish between stressful and nonstressful activities. Affordable personal tracking of stress
levels could be obtained by analyzing the video stream of
inbuilt cameras in laptops. In this work, we present a preliminary analysis of 114 one-hour long videos. During the
video, the subjects perform a typing exercise before and
after being exposed to a stressor. We performed a binary
classification using Random Forest (RF) to distinguish between stressful and non-stressful activities. As features,
facial action units (AUs) extracted from each video frame
were used. We obtained an average accuracy of over 97%
and 50% for subject dependent and subject independent
classification, respectively.
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Introduction
Stress over longer time periods can lead to severe physical
and psychological conditions. In a world where sleep quality
[16] and depression can be tracked [21] tracking stress is
one of the next steps to go.
There are several known techniques to detect stress, such
as measuring stress hormones in saliva or blood and measuring heart rate variability. As those techniques can be
intrusive, new ways of measuring stress are being investigated such as using voice features, eye gaze, and facial
expressions [3]. Specially, mobile monitoring in combination with wearables has gained increased attention [5, 4].
However, different methods evaluated require wearing expensive wrist bands or chest bands all-day long which can
be invasive.

Figure 1: Example of a frame of
one of the videos recorded under
the same condition as the dataset
used for analysis.

In this work, we propose the detection of facial expressions
on video as a potential method for stress detection. By analyzing video streams of webcams, personal monitoring
of stress could be more affordable and less invasive than
other methods. In [13, 7] cognitive stress during driving
was detected through video recordings. Specific facial action units (AUs) [6] that occur in the presence of fear and
anger were used as features. In contrast, we propose a less
restricted analysis by evaluating 18 different AUs in each
frame.
We were able to distinguish stress from non-stress situations with an average accuracy of over 97% and over 50%
for person dependent and independent classification respectively. Besides personal tracking of stress, other applications can profit from stress detection through video such
as security surveillance and interview training.

Figure 2: Overview of the different phases recorded for each
subject.

Related Work
The main purpose of stress is to provide the human body
with extra energy in situations of danger to increase chances
of survival. However, when exposed to stress during a
longer time period the human body is not resting properly
which can lead to cardiovascular disorders, anxiety, depression, weakened immune system and obesity [1].
A variety of physiological signals have been studied for
stress detection [9]. Of them the most used has been Galvanic Skin Response as it provides direct insides into the
autonomous emotion regulation [18, 10, 20]. Also speech
has been used for stress detection, using Mel-frequency
Cepstral Coefficients and pitch [12, 17]. Hernandez et al.
used a pressure-sensitive keyboard and a capacitive mouse
to detect stress [11]. His results show that participants increase their typing pressure and the contact surface with
the mouse when exposed to stress. Although wearables
would be ideal to track stress continuously, average accuracies vary from 71% to 75% for binary classification of high
and low stress conditions for user-specific models [8, 19].
As stress is related to emotions, facial expressions have
been used to detect cognitive stress during driving. In [7]
the presence of anger and fear was used to determine
whether the driver is stressed and in [22] the correlation be-
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Table 1: Action Units (AUs) used
as features. Most of them provide
intensity information which vary
between 0-5. AU7, AU23 and AU45
are binary values.

Typing I
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Typing II
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Typing III
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AU

Description

AU1
AU2
AU4
AU5
AU6
AU7
AU9
AU10
AU12
AU14
AU15
AU17
AU20
AU23
AU25
AU26
AU28
AU45

Inner brow raiser
Outer brow raiser
Brow lowerer
Upper lid raiser
Cheek raiser
Lid tightener
Nose wrinkler
Upper lip raiser
Lip corner puller
Dimpler
Lip corner depr.
Chin raiser
Lip stretcher
Lip tightener
Lips part
Jaw drop
Lip suck
Blink
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Figure 3: Plot showing three different AUs over the entire one-hour video of one subject. The mean intensity and their standard deviation are
shown as triangle markers.

tween AUs was used for stress detection. In this work, we
use 18 AUs as features to distinguish between stress and
non-stress activities. AUs were chosen as features because
they are more interpretable than low-level features.

Methodology

ercise with social evaluation. for 15 min. In between the
different phases, the subjects were asked to fill out questionnaires. As during those periods, it is not guaranteed to
obtain frontal face data, those segments are disregarded.
To ensure the stress state of the participants caused by the
stressor, blood pressure and ECG was collected [15].

Data
The dataset consists of 114 one-hour long videos, each of
a different subject [15]. The camera used was a Microsoft
Life Studio Pro webcam with 1080p resolution at 30 frames
per second. The webcam was positioned below the monitor used by the participants, recording the frontal face of
the subject (see Fig. 1) during the entire experiment. Fig. 2
shows the order of the different actions. There are three
typing phases: 1) before stressor, 2) after stressor, and 3)
after relaxation. The stressor used was a multitasking ex-

Features
Several AUs from the Facial Action Coding System (FACS)
are used to classify stressed from non-stressed activities.
To obtain the AUs per frame, the toolbox OpenFace [2] was
used which can detect 18 different AUs (see Table 1). Only
the frames in which OpenFace was able to detect successfully all AUs were used for classification. The intensity of
AUs are continuous values between 0-5 except for AU7,
AU23, and AU45 which are binary (present/absent). To

Acknowledgements: This
work was supported by a fellowship from the Portuguese
Foundation for Science and
Technology through the CMU
Portugal Program and the BioVisualSpeech project (grant
CMUP-ERI/TIC/0033/2014).

Labels

Subj. Dep.

Subj. Indep.

All classes
Stress vs Rest
Typ.1 vs Typ.2

0.95 ± 0.04
0.99 ± 0.01
0.97 ± 0.03

0.30 ± 0.09
0.50 ± 0.13
0.51 ± 0.23

Table 2: Average accuracies and standard deviations of the
results obtained using RF as well as using all 5 classes.

Figure 4: t-SNE plot showing the reduced feature representation
for each frame for one subject. Each color shows the
correspondence to the phase of the data point.

account for person-specific differences, the features were
standardized per subject.
Data Visualization
Fig. 3 shows the behaviour of three AUs for one subject
during the entire recording. The AUs behave visibly different
during stress than during the remaining phases. However,
the behaviour of the shown AUs is different from person to
person. For different subjects other AUs have higher correlation with stress. To see if it is possible to distinguish within
subject the different phases, all data points of one subject
are visualized in Fig. 4. Each point represents one frame.
The dimensions of the features representing one frame are
reduced from 18 to 2 dimensions using t-SNE (t-distributed
Stochastic Neighbor Embedding) [14]. In Fig. 4 we see how
frames during stress are clustered together. We also see
how the different typing phases partially overlap.
Classification
Two types of classification problems were addressed: 1)
subject dependent and 2) subject independent. For the first,
20% of each phase were used for testing and the remain-

ing for training. In the second case, leave-one-subject-out
(LOSO) was performed: the data of 113 subjects was used
for training and the data of one subject was used solely for
testing. Besides performing binary classification between
Stress and Resting, Typing 1 and Typing 2, a classifier was
trained to distinguish all five phases (breaks in between
phases were excluded). The classifier chosen was RF.

Results
The results in Table 2 show that RF achieves over 95% average accuracy for the classification of all phases as well as
for binary classification between stressful and non-stressful
activities. The results for subject independent classification
are in contrast not satisfactory.

Discussion
Distinguishing the different activities of the videos using
solely AUs was possible using RF for the subject dependent case. However, this is not the case for the person independent classification. The classification results as well
as visual analysis of the AUs over time suggest that subjects react differently to stress. The next step is to evaluate
if smaller groups of subjects behave similarly. If that is the
case, subject independent classification could be improved
by using a model for classification that was only trained on
data from subjects that behave similarly.
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