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Abstract

Background and objective: Facial cues and expressions constitute a component of bodily responses that provide useful information
about one’s stress levels. According to the Facial Action Coding System, they can be modelled consistently in terms of fundamental
facial muscle movements, called facial Action Units (AUs). This article investigates automatic acute stress recognition based on
AUs using conventional Machine and Deep Learning techniques.

Methods: We created a new experimental dataset containing 58 participants performing 4 experimental phases and 11 stress and
non-stress tasks in which the proposed system performs automatic facial AUs recognition. A computational feature selection
method was employed to select a robust relevant AU combinations subset, which integrated with conventional Machine Learning
and Deep Learning methods using the Layer-Wise Relevance Propagation algorithm to assess and model the implication of AUs
under acute stress conditions. Ordinal modelling was used following the pairwise transformation to establish a common reference
based on the personalized values of each participant.

Results: The results indicate that, under acute stress conditions, participants’ faces presented significantly more AUs and with
greater intensity compared to neutral conditions. The most relevant combination of AUs to each stress type was computationally
identified, ranked and selected. The mean yielded classification accuracy of stress condition versus neutral achieved across all
experimental tasks was greater than 93%.

Conclusions: There are specific combinations of AUs that are relevant to the stress conditions of each experimental phase leading
in each case to better neutral and stress separability.

Keywords: stress, facial action units (AU), machine learning, deep learning, explainable artificial intelligence

1. Introduction eters (such as micro-expressions, blinks, mouth micro-activity)

o ) for stress estimation[13, 14, 15, 16].
Stress estimation is a demanding task that can be evalu-

ated utilizing multiparametric behavioural and physiological
data sources. The majority of the relevant literature focuses
on the investigation of stress-related physiological bodily re-
sponse as expressed in biomarkers (e.g. hair/saliva corti-
sol, corticotrophin-releasing factor (CRF), adrenocorticotropin X e A X
(ACTH)) [1, 2] and biosignals (e.g. ECG, EDA, respiration, ~ ¢ the fundamental actions of individual facial muscles or

EMG, etc.) [3, 4, 5, 6, 7, 8]. Apart from the physiological groups of muscles whose combination provides information
: T about one’s affective state. Facial action units (AUs) analysis

A consistent and objective method for analysing facial ex-
pressions is through the Facial Action Coding System (FACS)
[17] and its extension, the Emotion Facial Action Coding Sys-
tem (EMFACS) [18] which correlates emotions and its corre-
sponding facial parameters. Facial Action units (AUs) [19]

modalities, there is also an emerging research interest in Facial ; ‘ > o
Expression Recognition (FER) technology which can assess fa- has been Wldel}’ adopted for affectlve.computmg apphcauo'ns,
cial manifestation of emotions by analysing facial behaviour and many Studl(?s haye developed various methqu a'ddressmg
9] the accurate estimation of AUs and their decoding into emo-

tions [19][20]. The difficulty of a precise and reliable AUs

Facial expressions are voluntary manifestations and have = U -
estimation model has been addressed widely [19]. However,

therefore been criticized for being potentially misleading about ; . ] .
a person’s actual emotional state, as they can be manipulated few studies applied AUs methodologies for modelling stress,

or hidden [3]. Various interesting approaches have been devel- S0 the behaviour an.d invglvement of AUs under §tress C(,)ndi'
oped for FER [10, 11, 12]. However, there needs to be a clear tions have yet to be investigated thoroughly. Defining a reliable
ground truth in estimating stress levels is still challenging, as it

research direction for the facial expression analysis towards af- . : > A
presents great inter-subject and inter-task variability.

fect estimation. Though, over the last years, there has been an
attempt to identify objective in- or semi-voluntary facial param- In the literature, stress modelling was usually performed with
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conventional Machine Learning (ML) models. In recent years,
deep learning (DL) techniques have been applied to investi-
gate stress, achieving higher accuracy performances, but pre-
senting limitations in the model’s generalizability and trans-
parency [21]. Lately, the related literature has adopted deep
learning methods for facial expressions/cues/action units and
corresponding emotion recognition [22, 23, 24, 25, 26, 27]. In
[25], facial AUs were estimated and fed 4 types of artificial neu-
ral networks (both shallow and deep learning) (FFNN, RBFNN,
RNN and CNN), leading to a stress classification accuracy of
90.2% with the intra-subject methodology with the conven-
tional FFNN and SVM classifiers outperforming all other meth-
ods. In the work of Viegas et al. [28], AUs intensities over time
were used as features combined with a Random Forest classi-
fier, achieving an average stress recognition accuracy of 75%
for person-independent and 93% for person-dependent analy-
sis. In [29], facial AUs intensities along with stress models
based on machine learning classification were utilized, leading
to a binary classification accuracy between no stress/stress of
74.6%. Besides, in [12], a real-time facial expression recogni-
tion system based on a 3D Morphable Model and Deep Con-
volutional Neural Networks was established and applied effec-
tively to recognize stress states. Jeon et al. [23] used a spatial
attention module (providing high weight to the stress-related
facial regions), achieving discriminating accuracy of 66.8%.
Zhang et al. [24], developed a two-level network (TSDNet)
and tested it in a database of 2092 labelled video clips for stress
conditions, leading to a detection accuracy of 85.42%.

A model’s non-transparency constitutes a crucial concern
for the research questions under investigation. Thus, explain-
able Al systems have been employed to overcome this issue.
Conventional ML methods are well established and widely ap-
proved, on the other hand, DL methods yield outstanding re-
sults and can also be equipped with explainability thanks to the
advances in the field of explainable AI [30]. In [31], authors
proposed a hybrid explainable Al framework for identifying
expressions, incorporating the explainability and the AUs ex-
traction. Explainable Al is a type of feature ranking method
applied in deep neural networks, and indicates the features that
contribute more to the classification decision.

This study investigated acute stress recognition through fa-
cial AUs from both conventional ML and DL approaches. We
focused on acute stress, which can be defined as the short-term
psychological state, including feelings of fear, worry, and ir-
ritability, triggered by the exposure to a variety of distressing
or challenging tasks (e.g., mental arithmetic, speech tasks, and
distressing films) or life conditions [32]. However, it should be
noted that a stressor can cause subjective emotional response
depending on the context, previous subject’s learning, and ap-
praisals [33]. It has been stated in our previous studies that
emotion recognition using AUs/FACS coding and Al methods
provides more accurate results than conventional ML methods
[29, 25, 28]. The aim of this study is to reveal which facial
AU combinations contribute to the recognition of the stress for
each experimental stressor and their consistency across algo-
rithms and experimental phases. The most robust and relevant
to each stress type AUs were selected, and established a stress

model using conventional ML and DL methods. Various stress
models were evaluated by tuning and optimizing the AUs in-
puts, the model type/parameters/architecture, as well as their
performance in terms of stress/no stress state classification ac-
curacy.

2. Methods

This study investigated automatic acute stress detection
based on facial AUs and machine/deep learning techniques.
The flowchart of the proposed automatic acute stress detection
system is presented in Fig. 1. The facial videos were input into
our system and for each video frame, a pipeline of facial land-
marking and AUs intensities extraction (per-frame AUs feature
vector) was performed. The clinical protocol and the study pro-
cedure are described in the Supplemental Material. The AUs
feature vectors were input into the ML/DL module for stress
recognition, which in turn outputs a binary classification of the
stress state.

2.1. Experimental procedures

An experimental protocol was developed to investigate fa-
cial behaviour under acute stress conditions. The experiment
included both neutral and stress-inducing tasks from different
stressor types. These stressors can be divided into 4 distinct
phases: social exposure, emotional recall, mental workload,
stressful videos stimuli. The experimental phases, tasks dura-
tions and induced affective condition are presented in Table 1.

Table 1: Experimental tasks employed in this study

# Experimental task Duration Affective
(min) State

Social Exposure

1 1.1 Neutral (reference) 2 N

2 1.2 Baseline Description 2 N

3 1.3 Interview 2 S

Emotional recall

4 2.1 Neutral (reference) 2 N

5 2.2 Recall stressful event 2 S

Mental Workload

6 3.1 Reading letters/numbers (reference) 2 N

7 3.2 Stroop Colour-Word Test (SCWT) 2 S

8 3.1 PASAT task 2 S

Stressful stimuli

9 4.1 Relaxing video 2 R

10 4.2 Adventure video 2 S

11 4.3 Psychological pressure video 2 S

Note: Intended affective state N:neutral, S:stress, R:relaxed)

The social exposure phase included an interview with a psy-
chologist in which the participants described themselves, in
which the psychologist emphasized on negative aspects of their
trait. Its corresponding reference state for this phase was the
participant saying conventional words (e.g. count from one to
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Figure 1: Flowchart of the proposed facial AUs system for stress detection based on feature selection/Machine Learning (upper part of the figure) and on explainable
Al/Deep Neural Network classification (lower part of the figure). The input video was fed into the system, the facial landmarks (see Section 2.4) and the timeseries
of the facial AUs intensities were extracted (see Section 2.5). These AUs intensities were fed into the AUs ranking/selection mRMR algorithm, Machine Learning
Classification (see Section 2.8) (upper part of the figure) or AUs ranking (LRP algorithm), Deep Neural Network classification (see Section 2.9) (lower part of the

figure) providing a binary classification of the subject’s stress state.

ten, months of the year, etc.). The emotion recall phase in-
cluded stress elicitation by asking participants to recall and re-
live a stressful event from their past as if it was currently hap-
pening. The mental tasks phase included cognitive load assess-
ment through tasks such as the modified Stroop colour-word
task (SCWT) [34], requiring participants to read colour names
(red, green, and blue) printed in incongruous ink (e.g., the word
RED appearing in blue ink). In the present task, difficulty was
increased by asking participants first to read each word and then
name the colour of the word. A second mental task used was
the Paced Auditory Serial Addition Test (PASAT) [35], which
is a neuropsychological test with arithmetic operations for as-
sessing attentional processing.

The stressful videos stimuli phase included video segments
presentation in order to induce a relaxed (calming video) and
stressful conditions (adventure film scenes, videos with scenes
from very high positions (acrophobia), scene with home inva-
sion, car accidents etc.).

The experimental tasks described in this section are well-
established in the literature and they are considered to induce
acute stress effectively. We have used similar experimental pro-
tocols in our previous studies and datasets [13, 14, 29, 36],
providing evidence of effective stress induction manifested in
different modalities such as facial cues/blinks/AU [13, 14, 29],
head pose [36]. We have also concurrently recorded partici-
pants’ Heart Rate (HR) derived placing an ECG sensor in sym-

metric position of the chest (right and left of the sternum, cor-
responding to the V1 and V2 leads) providing a typical and
low SNR ECG recording [37]. HR was statistically signif-
icant increased during acute stress conditions in relation to
their neutral (reference) experimental task, in all experimental
phase pairs except the pair relaxing video-psychological pres-
sure video where there was no significant difference. Besides,
the participants’ self-reports of perceived emotional arousal and
valence ratings in a [1-9] scale were performed using the Self-
Assessment Manikin (SAM) scales [38]. In order to validate
the induced stress emotion, we evaluated the arousal/valence
ratings of each stressful experimental task in relation to the ref-
erence (neutral) task using Repeated Measures ANOVA. The
results, which are presented in the Appendix, indicate that in
all experimental tasks, the perceived arousal was statistically
significant increased, and the perceived valence was statisti-
cally significant decreased during the stressful tasks in relation
to their corresponding neutral experimental tasks.

2.2. Study Dataset

The inclusion criteria of this study were that the participants
should be above 18 years old, and the exclusion criteria were
a history of heart disease and not signing the study’s informed
consent. The population of our experimental dataset was 58
adults (24 men, 34 women) aged 26.9+4.8 years. For each par-
ticipant, 11 tasks (4 neutral, 6 stressed and 1 relaxed state) were



Table 2: Summary of the AUs, their FACS name and muscular basis investi-
gated in this study

AUs  FACS name Muscular basis

AU1  Inner brow raiser
AU2  Outer brow raiser
AU4  Brow lowerer

frontalis (pars medialis)

frontalis (pars lateralis)

depressor glabellae, depressor su-
percilii, corrugator supercilii
levator palpebrae superioris, supe-
rior tarsal muscle

orbicularis oculi (pars orbitalis)
orbicularis oculi (pars palpebralis)
levator labii superioris alaeque nasi
levator labii superioris, caput in-

AUS5  Upper lid raiser

AU6  Cheek raiser
AU7  Lid tightener
AU9  Nose wrinkler
AU10 Upper lip raiser

fraorbitalis
AUI12 Lip corner puller zygomaticus major
AU14 Dimpler buccinator
AUI1S5 Lip corner depressor  depressor anguli oris (triangularis)
AU17 Chin raiser mentalis

risorius

orbicularis oris

depressor labii inferioris, or relax-
ation of mentalis or orbicularis oris
masseter; relaxed temporalis and
internal pterygoid

relaxation of levator Palpebrae and
Contraction of Orbicularis Oculi

AU20 Lip stretcher
AU23 Lip tightener
AU2S5 Lips part
AU26 Jaw drop

AU45 Blink

performed. Videos were sampled at 60 fps with a video resolu-
tion of 1216x1600 pixels which was subsampled to 30 fps and
a resolution of 608x800 pixels. A neutral condition was pre-
sented at the beginning of each phase of the experiment. This
condition was used as a baseline for the subsequent stressful
tasks. All participants provided informed consent. The study
was approved by the Research Ethics Committee of FORTH
(approval no. 155/12-09-2022).

2.3. FACS coding

The FACS [17, 39] categorizes fundamental movements of
human facial muscles based on anatomic functions. It consists
of 32 distinct fundamental facial muscle movements called Ac-
tion Units (AUs). In this study, 17 AUs were investigated (due
to the fact that only these AUs were included in the training
datasets) for their stress state discriminatory ability, which are
presented in Table 2.

2.4. Preprocessing

The preprocessing phase included processes of face detec-
tion, facial landmarks estimation and removal of facial rigid
information. The Viola-Jones detector [40] was used for face
detection. The landmark estimation was performed using 3D
aware 2D landmarks extracted with the Deng et al.’s Cascade
Multi-view Hourglass Model [41]. The 68 facial landmarks de-
rived from this model are projections of their corresponding 3D
points on the image plane. For the facial alignment (removal of
the rigid information), we applied Procrustes analysis [42] so

as to find the 2D similarity transform that aligns the facial land-
marks of each frame to the mean face landmarks. This similar-
ity transform is then applied to the input image using Delaunay
triangle-based affine warp [43].

2.5. Facial AUs extraction

The facial AUs were extracted utilizing both geometric and
appearance features to improve the AUs estimation [19, 29].
For the geometric features, the non-rigid 3D landmarks were
estimated as described in Section 2.4. The removal of the rigid
information provides reliable information about facial parts’
shape deformation coming only from facial expressions and
not from head movements. The deformable shapes are mod-
elled using a linear Point Distribution Model (PDM) [44] pro-
viding a parametric representation. As geometric features, we
used the non-rigid 3D facial landmarks and as appearance fea-
tures, we used Histograms of Oriented Gradients (HOG) [45]
on the aligned/warp face according to the base face shape ex-
tracting dimensional histograms of blocks with a cell size of
2x2 and 8x8 pixels. Principal Component Analysis (PCA) was
applied to reduce data dimensionality retaining the components
explaining the 95% of the total data variability to be used for
the appearance features vector.

Both geometric and appearance features constituted the fea-
ture matrix that fed a Support Vector Regression model (SVR)
[46]. The SVR model’s regression on data and its correspond-
ing labels led to the annotated AUs intensities. The training
of the SVR model was performed utilizing two available facial
datasets (UNBC [47] and BOSPHORUS [48]). In our previous
study [29], we thoroughly evaluated the quality of the detected
AU of our model in terms of 10-fold cross validation accuracy
measure using two available and annotated facial datasets, the
UNBC-McMaster Shoulder Pain Expression Archive Database
(UNBC) and the Bosphorus database (BOSPHORUS) provid-
ing reliable AU performance (79.9% mean AU detection accu-
racy) as presented in the figure below. The achieved validation
performance was similar (depending on the AU) to related stud-
ies in the literature [49, 50, 51].

2.6. AUs Feature selection

After extracting the AUs feature matrix, the most significant
and relevant AUs to the stress conditions were identified. The
mRMR algorithm [52] evaluated and ranked the features ac-
cording to their relevance to the problem based on maximal rel-
evance and minimum redundancy optimizing in terms of the
Mutual Information Quotient (MIQ) criterion [53] as presented
in the equation

x,glfas)in_] [I(xj;c)—ﬁ Z I(xj;Xf) )

X;ES m-1

where m — 1 features are selected from the X feature matrix,
forming the feature subset S ,,—; in order to select the next most
relevant feature, c is the class labels and / is the mutual informa-
tion (MI) function which is presented in the following equation

I(x;y) = ffp(x y)log IZ() y&)



where p(x,y) is the joint probabilistic density function, p(x)
and p(y) are the marginal probabilistic density functions of the
variables X,y.

The retained AUs features subset was determined by mini-
mizing the classification error between neutral and stress states
of each phase using the 10-fold cross-validation with SVM clas-
sifier (linear and RBF kernel).

2.7. Pairwise transformation and normalization

As there is great inter-subject variability in AUs manifesta-
tion (as well as to other body stress responses), it is appropri-
ate to consider each participant’s personalized values to have
a common reference for the subsequent analysis. This neutral
task of each experimental phase corresponds to each subject’s
baseline for each experimental phase. The pairwise transfor-
mation provides a mapping taking into account the personal-
ized participants’ baseline values, so as to establish a common
reference to each feature across subjects providing data normal-
ization.

In this case, the problem of stress detection can be viewed
as a ranking problem. In order to transform it into a 2-class
classification problem (classes: no stress vs stress), we use the
pairwise transformation introduced in [54, 55]. The pairwise
transformation which maps the features matrix X (consists of
AUs intensities (AU1, AU2, ..., AU45) for the different video
recordings of this study as described in Section 2.5) and the
class labels Y is described by the equation:

. X = ?f(ti) - X(tj) , Y corresponding i, j
Y’ = sign {Y () - Y(’j)}

where i, j refer to the indices of neutral and stress states respec-

tively with all possible pairs of a specific subject of the feature
matrix. The overall transformation procedure is described in
Algorithm 1.

Algorithm 1: Pairwise transformation used in this study
Input:
X — feature matrix [cases x features]
Y — classes [1: non-stress, 2: stress]
Output:
X’ — pairwise transformed feature matrix
Y’ —classes [-1,1]
for each extracted data do
X, X, feature vectors of class Vi, Y, respectively
Find indices i, j of all permutations without repetition of X;, X,
for each pair i, j do
X' = X)) - X2())
ifY;>Y;thenY =1
ifY; <Y;jthenY = -1
end
end

This transformation creates preference pairs of feature vec-
tors X()—X()) = [/iD—=f1())s - .. fu()—fu(j)] and their labels

sign{Y(i) — Y(j)}. If Y(i) > Y(j) then X(i) > X(j) and this pref-
erence pair is a positive instance, otherwise, it is a negative in-
stance X(i) < X(j). The preference pairs and their correspond-
ing labels after transformation can be considered as instances
and labels in a new classification problem which then can be
performed with conventional classification schemes. This step
is significant for the subsequent analysis as it addresses the
inter-subject variability taking into account the baseline of each
subject of the neutral tasks.

2.8. Machine Learning (ML) classification

Classifiers based on conventional Machine Learning (KNN,
Naive Bayes (NVB), Linear Discriminant Analysis (LDA),
Quadratic Discriminant Analysis (QDA), SVM linear, SVM
quadratic, SVM cubic, SVM Gaussian and ensemble bagged
trees) were employed to evaluate the proposed system in terms
of its discriminability between non-stress and stress states using
The classification accuracy was evaluated by a 10-fold cross-
validation technique.

2.9. Deep Learning (DL) Classification

Using a deep learning approach, we also tested the ability
of the two emotional states (neutral and stress) to discriminate.
The classifier implemented was a neural network-based clas-
sifier presented in our previous work [56]. The network used
the hyperbolic tangent sigmoid transfer function and was batch-
trained using the Levenberg-Marquardt training algorithm [57]
and implemented in MATLAB 2020b. L2-regularization was
applied to access possible types of uncertainty. We selected
parameters after experimentation; 5 hidden layers (tested 2 to
5), each hidden layer consisting of 2 nodes (tested 2 to 20)
and 1.000 epochs. Hyperparameter tuning methods include grid
search and the learning rate was le-3 (tested le-5 to le-2) and
1 batch size (tested 1 to 10). The training procedure followed
two cycles of 10-times repeated nested cross-validation with 10
folds in the inner cycle and 10 folds in the outer cycle, resulting
in 10,000 models. The average accuracy, sensitivity and speci-
ficity were calculated across all hold-out datasets of the 10x10
nested cross-validation, repeated 10 times. The hyperparame-
ters of the network were fine-tuned based on the average accu-
racy, sensitivity and specificity.

To perform localization, we calculated the relevance of the
AUs in each condition using the LRP algorithm for multilayer
neural networks, as described in Bach et al. [58]. LRP, in its
general form, assumes that the classifier can be decomposed
into several layers of computation. Such layers can be parts of
the feature extraction from the image or parts of a classification
algorithm that runs on the computed features. The LRP algo-
rithm has been used on brain MRI prediction models for the
identification of biomarkers in schizophrenia and depression
[56] and in EEG analysis for the prediction of schizophrenia
[59]. The explanation given by LRP would be a map showing
which AUs of the original face map contributed to the diagnosis
and to what extent (see Figure 3). The algorithm used parame-
ters such as the weights and the activations of the nodes in the
hidden layers to back-propagate the classification decision back



to the initial space. For the specific deep learning scheme with
5 hidden layers with size 2, the LRP algorithm is presented in
the Appendix.

2.10. Evaluation of AUs detection accuracy

We used the classification accuracy, sensitivity and speci-
ficity metrics as presented in the following equations

TP+TN
Accuracy =
TP+TN+FN+FP

S ensitivit P
ensitivity = ———
Y= TP FN

TN

S pecificity =

pecificity TN+ FP

where TP, TN, FP and FN are the number of true positives,
true negatives, false positives and false negatives respectively.

3. Results

The methodology described in Section 2 was applied to the
study’s dataset, which is described in 2.2. The time series of
AU s intensities were extracted for the AUs described in Section
2, and their average values were calculated for each subject and
experimental task.

3.1. AUs-based ML stress recognition

The pairwise transformation was applied as described in Sec-
tion 2.7, to ensure a common reference model for our analysis.
Then, the mRMR ranking algorithm was applied to select the
most robust and relevant to the problem feature subset. The
top-ranked features were inserted iteratively in the feature sub-
set, evaluating each candidate subset’s performance in terms
of a 10-fold SVM classification accuracy used as the objective
function. The features retained in descending order according
to this procedure are presented in Table 3.

It can be observed that in all experimental tasks, a large num-
ber of AUs needed to be selected (above 12 AUs) to achieve a
good classification performance.

The selected features subset derived from the mRMR algo-
rithm was evaluated for its discriminatory ability between non-
stress and stress conditions. A 10-fold cross-validation tech-
nique was employed and the classifiers described in 2.8 were
used. The classification results are summarized in Tables 4 and
5.

The pairwise transformation, which is a robust method to
incorporate the participant’s personalized control values and
deal with inter-subject variability, significantly increased the
discriminatory ability in all experimental phases. The expo-
sure and the mental workload experimental phases presented
the higher mean classification accuracies with percentages of
98.7% and 93.6% respectively, as compared with the emotional
recall and stressful stimuli, which presented lower classification
accuracies (85.6% and 87.3% respectively).

Table 3: Relevant AUs implicated in stress conditions using mRMR feature
ranking and selection algorithm. The significant selected features in descending
order, as well as the number of retained features are reported.

Experimental Relevant and ranked AUs #
phase features
retained
exposure  AU45, AU17, AU09, AU23, AU10, AU1S5, 12
AU04, AU14, AU12, AU26, AUO1, AUOS
emotional ~ AU1S5, AU04, AU17, AU45, AUOS, AUO1, 14
recall AU26, AU23, AU02, AU09, AU07, AU25,
AU10, AU20
mental AU12, AUOL, AU04, AU09, AU10, AU14, 16
workload  AU26, AUO7, AUOS, AU02, AU15, AU25

AU06, AU20, AU45, AU23

stressful ~ AU09, AU26, AU06, AU02, AU17, AUO4, 17
simuli ~ AU25, AU10, AUO1, AU20, AU23, AUO7,
AUO05, AU15, AU14, AU12, AU45
 Alltasks  AU09, AUO4, AU14, AUO2, AU1S, AUO6, 16

AU10, AU20, AUO1, AU12, AU17, AUO7,
AUO05, AU26, AU25, AU23

3.2. AUs-based DL stress recognition

The Deep Learning Classification methodology, as described
in Section 2.9, was applied to the feature matrix after pairwise
transformation and normalization (Section 2.7). The training
procedure followed a 10 times repeated 10x10 nested cross-
validation process.

The LRP algorithm, as described in [58], was employed to
evaluate the AUs relevances concerning acute stress conditions,
providing for each AUs a value on the relevance to stress con-
tribution. The mean relevance of all AUs per state was calcu-
lated in each task. The higher the AUs’ relevance, the more
significant the contribution of the AU in the classification de-
cision. Negative relevance indicates that the AUs mislead the
classification of stress versus neutral. The mean relevance of
the corrected classified states is presented in Figure 2 and the
ranked AUs in reverse order in terms of their mean relevance
are presented in Table 6. The training and classification pro-
cedure was repeated iteratively by adding each time one fea-
ture of the reverse ranked order as determined by the LRP al-
gorithm and evaluating the mean classification accuracy. The
finally selected AUs are those that yield the maximum mean
classification accuracy for each task as shown in Figure 3. The
classification results based on the proposed methodology using
a 10 times repeated 10x10 nested cross-validation process are
presented in Table 6.

According to the mean relevance scores, as presented in Fig-
ures 2 and 3, the exposure experimental phase (16 AUs se-
lected) presented AUs the AU23, AU06, AU12, AUO7 and
AU17, while the emotional recall phase (15 AU selected) the
AUO06, AU14, AUO1, AU45 and AU12 as the 5 most dominant
acute stress-relevant AUs. The mental workload phase (15 AUs
selected) presented a prominent relevance of AUO1, followed
by the AUO2, AUOS5, AUO4 and AU1S5, and the stressful stimuli
(all 17 AUs selected) presented a prominent relevance of AU26,
followed by the AU25, AU17, AUOS, AU23.



Table 4: Stress classification results (classification accuracy of 9 different classifiers) using experimental tasks 10-fold cross-validation

no transformation

mental workload stressful stimuli all tasks

acc sens Sspec | acc sens Spec ~ acc  sens  spec
(%) (%) %) | () (o) () | (%) () (%)

exposure stressful event recall

acc sens spec | acc sens spec
Classifiers (%) (%) (%) (%) (%) (%)
KNN 79.5 766 818 | 677 735 653
NVB 84.7 757 93.6 | 619 685 595
LDA 795 700 849 | 633 673 633
QDA 779 673 857 | 584 629 556
SVM linear 80.2 722 85.0 | 65.1 742 64.7
SVM quadratic 813 741 847 | 619 652 605
SVM cubic 762 664 819 | 602 603 6438
SVM gaussian 78.1 674 865 | 653 634 702
Ens. decision trees | 82.5 73.7 88.6 | 65.8 674 66.0

66.8 770 515 | 520 649 320 | 63.3 677 60.1
650 86.1 51.0 | 549 762 414 | 650 754 589
735 785 632 | 644 672 400 | 68.6 73.1 645
64.8 804 494 | 531 740 368 | 649 743 588
713 7777 613 | 66.7 689 632 | 69.8 758 64.6
647 736 498 | 565 658 268 | 650 724 595
622 722 487 | 53.6 63.7 233 | 627 692 579
69.0 740 548 | 67.2 681 450 | 664 693 63.1
71.8 785 645 | 598 682 367 | 652 6877 61.8

Note: acc: 10-fold mean accuracy, sen: 10-fold mean sensitivity (percentage of stress labels classified correctly), spec: 10-fold mean specificity (percentage of neutral labels classified

correctly)

Table 5: Stress classification results (classification accuracy of 9 different classifiers) using experimental tasks 10-fold cross-validation for pairwise transformation.

pairwise transformation

mental workload stressful stimuli all tasks

acc sens spec | acc sens Spec , acc  sens  Spec
(%) () B | %) (B () | (B (0 (%)

exposure stressful event recall

acc sens spec | acc  sens  spec
Classifiers (%) (%) (%) (%) (%) (%)
KNN 97.0 985 962 | 771 782 714
NVB 953 958 953 | 789 81.8 80.3
LDA 979 97.8 984 | 858 86.7 88.1
QDA 958 97.0 953 | 562 554 574
SVM linear 98.7 988 98.6 | 89.1 89.1 913
SVM quadratic 983 985 985 | 789 794 80.8
SVM cubic 979 976 984 | 803 823 794
SVM gaussian 979 977 983 | 76.1 82.0 779
Ens. decision trees | 96.6 97.6 96.0 | 78.8 81.1 79.6

87.8 895 869 | 788 833 777 | 794 820 774
864 868 868 | 746 764 745 | 750 751 750
91.5 921 924 | 868 86.6 884 | 81.7 81.8 81.8
822 820 835 | 531 533 524 | 803 802 80.6
90.7 913 91.0 | 87.7 879 884 | 822 823 823
843 846 856 | 809 822 816 | 799 804 79.6
809 897 91.1 | 827 830 831 | 88.6 89.7 876
8903 884 90.8 | 82.6 822 843 | 8.1 863 859
873 884 87.0 | 823 847 813 | 847 855 839

Note: acc: 10-fold mean accuracy, sen: 10-fold mean sensitivity (percentage of stress labels classified correctly), spec: 10-fold mean specificity (percentage of neutral labels classified

correctly)
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Figure 2: Normalised mean relevance of all AUs for the correct classified ex-
perimental phases.

There are some prominent, high positive relevance AUs for
recognizing acute stress, specifically, the AUO1 Inner brow
raiser for the mental workload phase and the AU26 Jaw drop for
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Figure 3: Mean classification accuracy in relation to the retained ranked fea-
tures derived from the LRP algorithm for each experimental phase. The red
dots denote the features selected corresponding to the maximum classification
accuracy.

the stressful stimuli phase. These AUs are distinctively signifi-
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Figure 4: Normalised mean relevance of the AUs for the stressful vs the neutral
tasks.

cant for the corresponding phases. However, the results for the
AU?2 across tasks are not consistent. There is negative relevance
in the exposure and emotional recall tasks, zero for the stress-
ful stimuli, and high positive relevance in the mental workload
task. In Figure 4, it can be observed that all AUs have substan-
tial importance to the classification decision for both tasks. This
fact is consistent with the overall results of this analysis that
there are no unique AUs for the identification of stress. Combi-
nation of AUs resutl to the best classification accuray. External
validation is desirable to verify the robustness of the method.
However, it is obvious that the Deep Learning with explain-
able AI, LRP methodology improved the performance in rela-
tion to the conventional machine learning methods for all exper-
imental phases with classification accuracies ranging from 94-
99%. The best performance was observed for the exposure ex-
perimental phase with a mean classification accuracy of 99.1%.

4. Discussion

In this study, we investigated the behaviour of facial AUs
combinations in recognizing stress conditions for different
stressor types. We created a new multistressor dataset of 58 par-
ticipants extracting facial AUs according to our previous work
[29].

The paper investigated the best AUs combination for dis-
criminating acute stress. Towards this direction, we utilized the
Al feature ranking/selection method mRMR, which performed
well in previous studies [29]. However, explainable Al deep
learning methods are considered robust and have been adopted
by many recent works. Thus, we employed the explainable Al
LRP algorithm as proposed by Bach et al. [58]. This algorithm
presented a superior performance in identifying the most robust
features and classifying between acute stress/no stress condi-
tions. This methodology improved the performance in relation
to the conventional machine learning methods for all experi-
mental phases with classification accuracies ranging from 93%

to 99%. However, each proposed classification system strongly
depends on the experimental stressor type, and it is not yet pos-
sible to derive a “global stress recognition system” as the per-
formance achieved using all experimental phases together led
to a classification accuracy of 83.5%.

It can be observed that, under stress conditions, participants’
faces present significantly more AUs and with greater inten-
sity. This can be attributed to the stress-induced facial muscle
activity/tension [60] to stress-accompanied signs such as rest-
lessness, irritability, and nervousness [61].

However, no consistent pattern of relevant AUs implicated
across all the experimental phases. Each stressor (experimental
phase) triggers different AUs in the participant’s face. This may
be partially attributed to the different stress types elicited during
the experimental procedure and to the fact that speech was in-
cluded in some experimental phases but omitted in others [62].
However, in this study, we identify which AUs combinations
were the most relevant to the stress conditions of each experi-
mental phase and should be utilized for each stressor type.

To our knowledge, there are no studies with consistent results
regarding which facial AUs are implicated in acute stress condi-
tions. In [28], AU20 was correlated with the stress phase, which
was not repeated in other subjects. Most of the studies use
AUs to train stress models and to provide accurate, sensitive,
and specific results in recognition. Thus, a direct comparison
with the stress-relevant AUs estimated in this study is not pos-
sible. Regarding the stress recognition accuracies, our method
achieves accuracies of 94-99%, which can be considered a good
performance in relation to other studies (such as 90.2% [25],
93% [28], 74.6% [29]), however, as the facial videos datasets
are different, a direct comparison of the performances is not
possible.

In the experimental dataset we created, we compared the con-
ventional ML method with explainable Al to identify combined
AUs involved in recognizing acute stress. One of this article’s
contributions is the adoption of explainable Al tools in the con-
text of face-based stress analysis, which led to interesting con-
clusions. We addressed the critical issue of each stressor type
manifesting itself in different combinations of AUs. Our plan
is to investigate more state-of-the-art algorithms using larger
samples to investigate the relation of acute stress with AUs with
respect to the curse of dimensionality.

A limitation of the study is the dataset’s sample medium
size, which though is considered relatively higher than other
related stress datasets [63], it remains small for the applica-
tion of the deep learning methods. The results are considered
as proof-of-concept and further investigation in larger datasets
would permit a more extensive model validation. Even if ad-
vanced methods (such as iterative nested cross-validation and
cross-validation feature selection) were applied to avoid over-
fitting and improve the model’s generalizability, the nature of
deep learning techniques requires large datasets to enhance the
model’s reliability. Moreover, a combined study with other
modalities (such as biosignals, speech etc.) will improve the
system’s ability to address open challenges.



Table 6: Classification results using Neural Networks with LRP algorithm and pairwise transformation

Experimental Ranked features with higher mean absolute relevance Mean Ac- Mean Mean
phase curacy % Sensitiv- Speci-
ity % ficity %
exposure AU23 AUO6 AU12 AUO7 AU17 AU15 AU20 AUO5 AU26 AU45 99.19 99.23 99.17
AU14 AU09 AU10 AUO1 AU25 AU04
emotional recall AU06 AU14 AUO1 AU45 AU12 AUOS5 AU23 AU17 AU10 AU09 94.17 93.69 95.39
AU04 AUO7 AU15 AU26 AU02
mental workload AUO1 AU02 AUOS AU04 AULS5 AU09 AU45 AU17 AU10 AU25 97.46 96.86 99.23
AUO06 AU23 AU20 AUO7 AU12
stressful stimuli AU26 AU25 AU17 AUOS AU23 AU09 AUO02 AU20 AU14 AUO7 93.22 93.13 93.86
AU45 AU10 AU15 AUO4 AUO6 AU12
CAlltasks [ AU6, AU12,AU10,AU2, AU4, AUI,AU23, AU20,AU15, AU45, 8350 8380 8424

AU9,AU14, AUS
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