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Abstract
We propose a novel three-layered neural network-based architecture for predicting the Sixteen Personality Factors
from facial features analyzed using Facial Action Coding System. The proposed architecture is built on three layers:
a base layer where the facial features are extracted from each video frame using a multi-state face model and the
intensity levels of 27 Action Units (AUs) are computed, an intermediary level where an AU activity map is built
containing all AUs’ intensity levels fetched from the base layer in a frame-by-frame manner, and a top layer consisting
of 16 feed-forward neural networks trained via backpropagation which analyze the patterns in the AU activity map and
compute scores from 1 to 10, predicting each of the 16 personality traits. We show that the proposed architecture
predicts with an accuracy of over 80%: warmth, emotional stability, liveliness, social boldness, sensitivity, vigilance, and
tension. We also show there is a significant relationship between the emotions elicited to the analyzed subjects and
high prediction accuracy obtained for each of the 16 personality traits as well as notable correlations between distinct
sets of AUs present at high-intensity levels and increased personality trait prediction accuracy. The system converges to
a stable result in no more than 1 min, making it faster and more practical than the Sixteen Personality Factors
Questionnaire and suitable for real-time monitoring of people’s personality traits.

1 Introduction
Greek philosophers believed that the outer appearance
of people, especially their face, conveys relevant information about their character and personality. The same belief can be found in other cultures as well. Egyptians
believed that the human face proportions are closely
linked to consciousness and how feelings are expressed,
while in Chinese culture, the facial structure played a
major role in Daoist philosophy and was thought to reveal information about the mental and physical state of
an individual [1]. Although this practice was disputed
throughout the Middle Ages and up until the nineteenth
century, it has regained interest in the latest years, and
several recent studies showed that facial appearance is
indeed linked to different psychological processes and
behaviors [2–4]. Recent research showed that people’s
evaluation of others is also closely related to their physical appearance, as we tend to interact with other people
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based on our first impression [5], and this first impression is in many ways influenced by the appearance of
the people we interact with [6]. Several psychological
studies also showed that our unconscious judgment of
the personality traits of others during first impression
plays a major role in social collaboration [7], elections
[8], criminal court sentences [9], economic interactions
based on trust [10], or in the healthcare industry [11].
Based on these studies, research in machine learning
was also conducted to analyze the facial features of individuals in order to evaluate different psychological
characteristics automatically. Although at first focused
on predicting the emotional state of people [12, 13], as
Facial Expression Recognition (FER) systems gained
momentum and started achieving acceptable prediction
accuracy, recent research papers have begun using facial
features analysis for more complex tasks, such as tracking
and predicting eye gaze [14, 15], predicting driver attention for car accident prevention [14, 16], predicting stress
levels [2, 17], diagnosing depression [3], assessing the facial attractiveness of individuals [18], evaluating people’s
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trust [19], and predicting personality traits [4, 20–23]. All
these research studies showed that the face indeed conveys information that can be analyzed to predict different
psychological features of an individual.
In this work, we focus on analyzing the relationship
between the personality traits evaluated using the 16
Personality Factors (16PF) model and the facial muscle
activity studied by means of the Facial Action Coding
System (FACS) on subjects recorded in different emotional states. Our research brings several contributions
to the affective computing domain. Firstly, this is the
first paper that studies the 16PF traits using FACS. The
only similar work that uses the 16PF methodology is
presented in [23]. However, it only focuses on analyzing
a set of still images using a Convolutional Neural
Network (CNN) and CNN features, while our research
uses the FACS methodology for studying the face, as
FACS is better at predicting hidden emotions [24–26],
hence will provide more accuracy and reliability to the
personality prediction task knowing there is a close relationship between personality traits and how emotions
are expressed [27, 28]. FACS [29] also offers an in-depth
analysis of the facial muscle activity by studying micro
expressions and, as we use video recordings of subjects’
frontal face and not still images, our paper shows significant prediction accuracy improvement compared to [23]
which we detail in the next sections. Secondly, our proposed work also studies the relationships between the
emotions induced to the subjects involved in the tests,
their facial muscle activity (the activation of the Action
Units (AUs) analyzed), and their personality traits, hence
provides a broader picture on how these three concepts
influence each other and how their analysis can be optimized for achieving high prediction accuracy. As we will
show in the next section, this is the first paper that conducts such an extensive study on 16PF traits’ prediction.
Lastly, we propose a novel multi-state face model architecture for the personality prediction task built on three
layers, introducing a novel intermediary layer where the
facial muscle activity is stored in a specifically designed
map and then fetched to the top layer where a set of 16
neural networks assess each of the 16 personality traits
in a pattern recognition task. Such novel architecture
provides the opportunity to conduct more in-depth analysis of personality trait prediction and to study the relationships between the three concepts mentioned before
(facial muscle activity, emotion, and personality trait).
The proposed system can have a large variety of uses
as it computes the personality traits in less than 1 min
and can be used to monitor the personality traits of an
individual in real time. It could be useful in applications
for career development and counseling in the human resources or academic areas [30, 31], adaptive e-learning
systems [32], diagnosis of mental health disorders
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(borderline personality disorder [33], depression [3],
schizophrenia [34], eating disorder [35] or sleep disorders [36]), virtual psychologist applications [37], and personalized health assistance [38]. It was also shown that
there are links between common physical diseases (such
as heart attacks, diabetes, cancer, strokes, arthritis,
hypertension, and respiratory disease) and Big Five personality traits [39] such that these diseases influence the
age-related personality accelerating with 2.5 years decrease for extraversion, 5 years decrease for conscientiousness, 1.6 years decrease for openness, and 1.9 years
increase for emotional stability. Therefore, by monitoring in real time the personality traits of an individual
and spotting these changes in personality traits, we
could diagnose several physical diseases. It is important
to mention that personality types do not alter from one
moment to another rapidly, but we usually need longer
periods of time to see changes; these changes are
typically associated with aging, mental, or physical
diseases [39].
In the following section, we describe the state-of-theart in the area of affective computing focusing on the research conducted for predicting personality traits from
facial features. Next, we present the two psychological
frameworks employed in this study (16PF and FACS) as
well as thoroughly describe the design of the proposed
architecture, illustrating each of the three layers in detail:
the base layer is where facial features are collected and
AUs’ intensity levels are determined using specific classification methods, the intermediary layer is where an AU
activity map is built containing the frame-by-frame
changes in intensity levels for each analyzed AU, and the
top layer composed of 16 Feed-Forward Neural Networks (FFNNs) (each of them associated to one of the
16PF traits) which take as input the AU activity map and
compute a score on a scale from 1 to 10 for each personality trait, in accordance with 16PF methodology.
The design of these neural networks, the hyperparameters used, and the outputs are described in detail. We
also present the database we created to test the proposed
architecture and show the experimental results for both
intra-subject and inter-subject methodologies. We detail
as well the further tests conducted to study the patterns
between the emotions induced, the facial muscle activity,
and the personality trait prediction accuracy, and we
share the results obtained from this analysis.
1.1 Related work

As shown in the previous section, research conducted in
the area of face analysis has been initially focused on
predicting the emotional states of an individual and only
recently has it extended to more complex tasks, such as
predicting personality traits. In the following paragraphs,
we present the state-of-the-art in these two major
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research areas, FER systems and personality trait prediction systems, focusing on the latter as it is more relevant
to our current work.
FER systems are typically divided into two categories:
FER systems based on FACS and FER systems that use
other methods for face analysis. FACS is the most used
approach for classifying the facial muscle activity and
correlating it with the emotions expressed by the analyzed subject [40–44]. It was used successfully with different architectures and different classification methods.
Jiang et al. [40] make use of Local Phase Quantization
from Three Orthogonal Planes (LPQ-TOP) to analyze
the FACS AUs divided into temporal segments and classified using a set of Hidden Markov Models (HMMs).
The proposed approach increases the AU classification
accuracy by over 7% compared with the state-of-the-art
methods. Wang et al. [41] use Dynamic Bayesian
Networks (DBNs) for the AU classification task in a
three-layered architecture: bottom layer (where facial
feature points are extracted for each facial component),
middle layer (where AUs are classified using DBNs), and
a top layer (where six prototypical emotions are mapped
on the classified AUs). Their proposed system shows
over 70% accuracy for emotion prediction. Eleftheriadis
et al. [42] employ Discriminative Shared Gaussian
Process Latent Variable Models (DS-GPLVM) to solve
the multi-view and view-invariant classification problems. They define a discriminative manifold for facial expressions that is primarily learned and only after that the
expression classification task is triggered. The proposed
approach shows promising results for AU classification
in multi-view FER systems. Happy et al. [43] suggest the
use of salient patches with discriminative features and
use one-against-one classification to classify pairs of
expressions. The purpose of this approach is to
automate the learn-free facial landmark detection and
provide better execution times. Tested on the Extended
Cohn-Kanade (CK+) [44] and JAFFE [45] databases, the
method shows accuracy similar to that of other state-ofthe-art studies but computed significantly faster.
Regarding FER systems using other face analysis
methods for predicting emotions, we mention the use of
Local Directional Pattern (LDP) features [12] extracted
from time-sequential depth videos, augmented using optical flows, and classified through Generalized Discriminant Analysis (GDA). The resulted LDP features are
then fetched to a chain of HMMs trained to predict the
six basic emotions. The proposed method outperforms
the state-of-the-art by up to 8% in terms of emotion prediction accuracy. Genetic programming can also be used
for FER [46], specifically for searching and optimizing
the parameters defined for determining the location, intensity, and type of the emotional events, and how these
are linked to each emotion. Tested on the Mars-500
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database, the proposed method predicts the six basic
emotions with over 75% accuracy. A rather new
approach is the use of slow feature analysis (SFA) for dynamic time-varying scenarios [47] with the main advantage of being able to find uncorrelated projections by
means of an Expectation-Maximization (EM) algorithm.
Neural networks have also been used in FER systems,
specifically Long Short-Term-Memory Recurrent Neural
Networks (LSTM-RMM) [15]. The proposed method defines a set of Continuous Conditional Random Fields
(CCRF) that are used to predict emotions from both encephalogram (EEG) signals and facial features. The results show that facial features offer better accuracy for
emotion prediction, but the EEG signals convey
emotion-related information that could not be found
when analyzing the face. Specific descriptors have also
been employed [48] with a set of soft biometric algorithms for predicting the age, race, and gender of the
subject whose facial features are analyzed, and the approach offers high accuracy when tested on two publicly
available databases.
As far as personality trait prediction systems are concerned, despite the increasing interest in this domain in
recent years, it is still understudied and only a few works
have taken the challenge of designing such systems.
Setyadi et al. [4] propose the use of Artificial Neural
Networks (ANNs) trained via backpropagation for predicting the four fundamental temperaments (sanguine,
choleric, melancholic, and phlegmatic) by analyzing a set
of facial features: the dimension of the eyes, the distance
between two opposite corners of the eyes, the width of
the nose, mouth and eyes, and the thickness of the lower
lip. An overall prediction accuracy of 42.5% is achieved,
mainly because of low-personality prediction rates for
choleric and phlegmatic types. Teijeiro-Mosquera et al.
[20] use the Computer Expression Recognition Toolbox
(CERT) in order to find relationships between facial features and the Five-Factor Model (FFM) personality traits
when analyzing the faces of 281 YouTube vloggers.
Their research shows that multiple facial feature cues
are correlated with the FFM personality traits, and extraversion can be predicted with 65% accuracy. Chin et al.
[16] propose an exaggeration mapping (EM) method
that transforms the facial motions in exaggerated
motions and use them to predict the Myers-Briggs Type
Indicator (MBTI) personality traits with an overall
prediction accuracy of 60%.
Regarding research papers that use FACS for analyzing
the face and predicting the personality type of an individual, the only such research is conducted in [21] where
FFNNs are used to study the AU activity and predict the
FFM personality traits. The proposed method offers over
75% prediction accuracy for neuroticism, openness to experience, and extraversion, results being computed in
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less than 4 min. 16PF traits’ correlation to facial features
has also been understudied, the only such research being
proposed by Zhang et al. [23]. An end-to-end CNN is
built to predict the 16PF traits and intelligence. Tested
on a custom-made database comprising frontal face images, the method shows satisfactory prediction accuracy
and reliability for only rule-consciousness and tension,
while other personality traits, as well as intelligence,
could not be successfully predicted. Compared to the
previously described works, the current research conducts a more extensive study of the 16PF traits’ prediction by using FACS which has not been approached in
any of the previous research papers. It also provides an
analysis of the relationship between the emotions induced to the subjects involved in the tests, their facial
muscle activity and their personality traits, hence offers
a broader picture of the links between these three concepts which has not been studied before. The use of
video recordings for this study is also a novelty in this
area. Most research studies abovementioned make use of
only still images. Video recordings provide more information about the facial activity which, analyzed using
FACS, will result in better personality type prediction accuracy, as we show in the next sections. The threelayered architecture proposed in this paper where an AU
activity map is built and fetched to a set of 16 FFNNs
that predict the 16PF traits in a pattern recognition task
is also a novel approach which has not been used in any
other previous research paper.
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profile of the human subject [49]. Cattell mentions that
at the basis of 16PF stand the individual differences in
cognitive abilities, the transitory emotional states, the
normal and abnormal personality traits, and the dynamic
motivational traits [52]. Because of this, the 16PF questionnaire asks routine, concrete questions instead of asking the respondents to self-assess their personality,
therefore removing the subjectivity and self-awareness of
the subject. Filling in the 16PF questionnaire usually
takes between 25 and 50 min and is designed for adults
at least 16 years of age [49]. The 16PF traits evaluated
using this questionnaire are the following:
–
–
–
–
–
–
–
–
–
–
–
–
–

Warmth (A), reserved/warm
Reasoning (B), concrete thinking/abstract thinking
Emotional stability (C), reactive/emotionally stable
Dominance (E), submissive/dominant
Liveliness (F), serious/lively
Rule consciousness (G), expedient/rule conscious
Social boldness (H), shy/bold
Sensitivity (I), unsentimental/sensitive
Vigilance (L), trusting/vigilant
Abstractedness (M), practical/abstracted
Privateness (N), forthright/shrewd
Apprehension (O), self-assured/apprehensive
Openness to change (Q1), traditional (conservative)/
open-to-change
– Self-reliance (Q2), group-dependent/self-reliant
– Perfectionism (Q3), tolerates disorder/perfectionistic
– Tension (Q4), relaxed/tense

2 Methods
2.1 Theoretical model

As previously mentioned, the two psychological frameworks that we employ in the current work are 16PF and
FACS. We detail each of these instruments in the following subsections.

All these traits are evaluated using a score from 1 to
10 (e.g., for trait warmth, 1 means “reserved,” 10 means
“warm,” and any score in between is a nuance within the
two extreme values). The abovementioned 16PF traits
can also be grouped into five factors (except for reasoning which is treated separately) [49] as follows:

2.1.1 16PF

16PF is a psychometric self-report personality questionnaire developed by R. B. Cattell and A. D. Mead [49] and
is generally used by psychologists for diagnosing mental
disorders and planning therapies for individuals (as 16PF
offers the ability to measure anxiety and psychological
problems), for career counseling and vocational guidance
[50, 51], operational selection [50], predicting couple compatibility [51], or studying academic performance of students [50]. We have chosen 16PF in our research because
it was thoroughly tested and is highly utilized by clinicians, being translated in over 30 languages and dialects
and used internationally [49].
16PF originates from the five primary traits, similar to
FFM, but the main difference is that 16PF extends the
scoring on the second-order traits as well, providing
multi-leveled information describing the personality

–
–
–
–
–

Introversion/extraversion: A, F, H, N, and Q2
Low anxiety/high anxiety: C, L, O, and Q4
Receptivity/tough-mindedness: A, I, M, and Q1
Accommodation/independence: E, H, L, and Q1
Lack of restraint/self-control: F, G, M, and Q3

Our work aims to predict the 16PF traits by analyzing
the facial features of individuals using FACS. Such a system could provide more robustness to the measurement
of the 16PF traits as the 16PF questionnaire can be faked
by subjects knowing the questions beforehand which decreases its reliability, whereas analyzing the face using
FACS provides robust results even in cases when emotions are faked by the subject [24–26]. It is also more
practical than filling in a questionnaire which takes
minimum a 25 min and requires a specialized person to
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interpret the results while predicting the 16PF traits
from facial features is done automatically and ad hoc
with significantly less effort from both the subject and
the psychologist’s sides.
2.1.2 FACS

To analyze the facial muscle activity in correlation with
the 16PF traits, we used FACS [29], a system developed
by Eckman and Friesen in 1978. FACS defines a set of
AUs which are closely related to the movement of specific facial muscles and are activated in different ways
when the subject is expressing different emotions. We
use FACS in our current work as it proved to be a reliable model for determining real emotions (even when
subjects are trying to act different ones, as the residual
facial activity conveying the “real” emotions is persisting
in most cases [24–26]); hence, it provides more robustness and ensures that we are analyzing the emotionrelevant information.
FACS is composed of 46 AUs which are typically
divided into two large categories [44]:
– Additive; when the AU is activated, it determines
the activation of another AU or group of AUs. All
AUs involved in this activity are grouped in a
structure called Action Unit Cluster (AUC).
– Non-additive; the activation of an AU is
independent of the activation of any other AU.
In the latest revision of FACS 2002 [53], several AUs
can also be evaluated in terms of intensity, using the following levels: A - Trace (classification score between 15
and 30), B - Slight (classification score between 30 and
50), C - Marked and pronounced (classification score between 50 and 75), D - Severe or extreme (classification
score between 75 and 85), E - Maximum (classification
score over 85), and O - AU is not present (classification
score below 15). Because the task of personality trait
prediction is a complex one and the output of the system consists of 16 scores from 1 to 10 for each of the
16PF traits, we need to have a scaled input as well instead of a binary one in order to convey all the slight
changes in facial muscle activity from each video frame.
For this purpose, in our current research, we will analyze

Fig. 1 Face segmentation
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only AUs for which intensity levels have been described
in the latest FACS revision.
2.2 Proposed architecture

To study the relationships between the emotions induced in the test subject, the facial muscle activity and
the personality trait prediction accuracy, we designed a
neural network-based architecture on three layers:
– The base layer; facial features are extracted from
each frame in the video samples, and a set of classifiers
is used to compute the AU classification scores.
– The intermediary layer; an AU activity map is built
containing the AU classification scores computed in
the base layer for each frame from the analyzed
video sample.
– The top layer; a set of FFNNs is used to predict the
scores for all 16PF traits.
In the following subsections, we describe each of these
layers in detail.
2.2.1 The base layer

The base layer is designed for extracting the facial features
from each video frame and for translating them into AU
classification scores representing the intensity level of each
AU. We use a multi-state face model for facial features extraction and AU classification, similar to the one presented in our previous work [54], dividing the face into
five components: eye component, cheek component, brow
component, wrinkles component, and lips component.
The face segmentation is depicted in Fig. 1.
Out of the 46 AUs, only 30 AUs are anatomically related to the contractions of specific facial muscles: 12 for
the upper face and 18 for the lower face [44]. From these
two categories in our current work, we only analyze the
following AUs:
– From the upper face, we analyze AU1 (inner brow
raiser), AU2 (outer brow raiser), AU4 (brow lowerer),
AU5 (upper lid raiser), AU6 (cheek raiser), AU7
(lid tightener), AU43 (eyes closed), and AU45 (blink).
– From the lower face, we analyze AU9 (nose
wrinkler), AU10 (upper lip raiser), AU11 (nasolabial
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deepener), AU12 (lip corner puller), AU13
(sharp lip puller), AU14 (dimpler), AU15 (lip corner
depressor), AU16 (lower lip depressor), AU17
(chin raiser), AU18 (lip pucker), AU20
(lip stretcher), AU22 (lip funneler), AU23
(lip tightener), AU24 (lip pressor), AU25 (lips part),
and AU28 (lip suck).
We have excluded AU41 (lid droop), AU42 (slit),
AU44 (squint), and AU46 (wink) from the upper face
AUs and AU26 (jaw drop) and AU27 (mouth stretch)
from the lower face AUs as these were not coded with
criteria of intensity in the latest FACS revision and, as
mentioned before, as the 16PF traits’ prediction is a
complex task with a scaled output, we need a scaled input as well, to have enough information for the 16
FFNNs to predict with high accuracy the 16PF traits’
scores. Moreover, these AUs are part of the standard set
used in the majority of FER systems based on FACS
[40–42]. Apart from these 24 AUs, we also analyze
AU33 (cheek blow), AU34 (cheek puff ), and AU35
(cheek suck) in order to have more input from the cheek
component. These three AUs have been coded with criteria of intensity in the latest FACS revision. Note that
the system can be extended and other AUs that can be
described with intensity criteria could also be used, but
we have limited our research to only these 27 AUs in
order to avoid overcomplicating the system as well as
overfitting the FFNNs. Another reason for using only
this set of 27 AUs is that all can be classified with over
90% accuracy using fairly simple methods and provide
the basis for reliable personality trait prediction results,
while other AUs typically add either more complexity or
the classification scores are lower. Also, we needed to
make sure that all the AUs that we are analyzing are
coded in the CK+ database which we use for AUs’
classification training and testing, hence why we settled
with only these 27 AUs which are properly annotated in
CK+ database.
For each of the five face components, we use specific
features and classifiers to determine the presence/absence as well as the intensity of every analyzed AU. The
features, classification methods, and AUs analyzed in
each component are detailed below:
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– Brow component; we also use Gabor jets-based
features as these have been shown to offer the best
performance for classifying AUs from the brow
component [57, 58], and we use SVMs for the AU
classification task. The AUs classified in the brow
component are AU1, AU2, and AU4.
– Cheek component; we use a combination of Feature
Point Tracking (FPT) methods and HMMs as they
provide the highest accuracy for classifying AUs
from the cheek component [59]. AUs classified in
the cheek component are AU6, AU11, AU14, AU33,
AU34, and AU35.
– Lip component; we use Local Binary Pattern (LBP)
features as they have been shown to provide the
highest classification accuracy for AUs pertaining to
the lip component compared to state-the-of-the-art
methods [60]. LBP features also have the advantage of
not needing manual initializations and can run in
real time. They also do not require images with
high resolution and are relatively simple from a
computational point of view, which is a strong
point considering that the lip component have the
highest AU density. As used in [60], we employ SVMs
for the AU classification task. The AUs classified in
the lips component are AU10, AU12, AU13, AU15,
AU16, AU17, AU18, AU20, AU22, AU23, AU24,
AU25, and AU28.
– Wrinkles component; we employ the Gabor Wavelet
feature extraction technique which has been shown
to provide the highest classification accuracy for
evaluating AUs associated with the wrinkles component
[60]. The AUs analyzed in the wrinkles component are
AU5, AU7, and AU9.
All these five components output the AUs’ classification scores for all 27 analyzed AUs and for each frame
in the video sample. It is important to mention that we
have analyzed each of the 27 AUs independently in this
layer as it is complicated to predefine general AUCs that
will appear in all test scenarios and for all subjects.
These possible AU linear dependencies will be determined through training the FFNNs and the AUs in this
situation will be treated as a single input.
2.2.2 The intermediary layer

– Eye component; Gabor jets-based features have been
successfully used for analyzing the eye features
providing classification rates of over 90% as well as
fast convergence, surpassing other state-of-the-art
methods [45, 55, 56]. Because of these strong points,
we use them in our work as well, alongside with
Support Vector Machines (SVMs) for the AU
classification task. The AUs classified in the eye
component are AU5, AU7, AU43, and AU45.

The intermediary layer is designed for collecting the
AUs’ classification scores from the base layer and for
constructing an AU activity map. The AU activity map
is, in turn, provided as an input to the 16 FFNNs in the
top layer which analyze it in a pattern recognition task
and predict the 16PF traits’ scores.
The AU activity map contains a row for each frame in
the video sample, and each row has the following structure: (A1C, A2A, A4C, A5C, A6B, etc.) where A1C
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means that AU1 has an intensity level C. From the previous subsection, it can be observed that the two AUs
have been classified in both eye and wrinkle components
by different classifiers (AU5, AU7) because they contain
relevant information for both of these components. For
these two AUs, the entry in the AU activity map is the
highest intensity score obtained out of the two classifiers
used. We have taken this decision in order to keep the
meaningful information in the AU activity map instead
of bypassing the AU or considering it less active.

2.2.3 The top layer

The top layer is designed to analyze the facial muscle activity collected in the AU activity map, in a pattern recognition task, and output a score from 1 to 10 for each of
the 16PF traits, in accordance with the 16PF framework.
To accomplish this, we have defined 16 FFNNs denoted
as follows: warmth (A) - neural network (A-NN), reasoning (B) - neural network (B-NN), emotional stability (C) neural network (C-NN), dominance (E) - neural network
(E-NN), liveliness (F) - neural network (F-NN), ruleconsciousness (G) - neural network (G-NN), social boldness (H) - neural network (H-NN), sensitivity (I) - neural
network (I-NN), vigilance (L) - neural network (L-NN),
abstractedness (M) - neural network (M-NN), privateness
(N) - neural network (P-NN), apprehension (O) - neural
network (O-NN), openness to change (Q1) - neural
network (Q1-NN), self-reliance (Q2) - neural network
(Q2-NN), perfectionism (Q3) - neural network (Q3-NN),
and tension (Q4) - neural network (Q4-NN).
Because the task to compute the 16PF traits’ scores
from the AU activity map is a pattern recognition task
and the architecture employed is bottom-up with no
feedback loops, we use FFNNs which have been proven
effective for pattern recognition [61].
All 16 FFNNs have three layers: the input layer, one
hidden layer, and the output layer. The input layer contains 30 consecutive rows from the AU activity map.
Each row in the AU activity map corresponds to a video
frame, and we consider 30 consecutive rows because
these pertain to 1 s (for a frame rate of 30 frames per
second (fps) as the one we use) which is high enough to
catch the micro expressions that last on average 500 ms
as well as low enough to avoid overfitting the FFNNs.
As we have 27 AUs for each of the 30 frames in the AU
activity map, each FFNN has 810 input nodes. The AU
intensity levels from the AU activity map are normalized
in the [0,1] interval with the following rule: level A = 0.2,
level B = 0.4, level C = 0.6, level D = 0.8, level E = 0.9,
while the absence of an AU (level O) has the value 0.
The output layer for each of the 16 FFNNs has only one
node as it computes a score from 1 to 10 for each of the
16PF traits.
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For calculating the number of hidden nodes for each
FFNN, we denote xA = {xA
an Ni } , i = 1 , 2…P
dimensional set of input vectors for the A-NN, such as
A
A
T
xA = [xA
YA = {yA i} , i = 1 , 2…P a one1 , x2 …x N] ,
dimensional set of output vectors (as we have only one
output node), WAH(matrix of weights between input and
hidden nodes), WAO(matrix of weights between hidden
nodes and output nodes), L the number of hidden
A
nodes, and fA
1a and f2a activation functions. The expression form can be written as below (1):
y ¼f
A

A

L
X
2a
l¼0

"
O
wA l f A 1a

N
X

#
H
wA nl xA n

ð1Þ

n¼0

The same logic is applied for all 16 FFNNs.
As a training method, we use backpropagation as it is
known to offer the best performance for pattern recognition tasks [62]. The input data is sent to the input layer
neurons and then fetched to the hidden neurons which
in turn compute a weighted sum of the inputs and fetch
this to the output layer through an activation function.
When the output is obtained, the difference between the
expected output and the one determined is computed in
terms of Average Absolute Relative Error (AARE) (2)
based on which the WAH and WAO weight matrices are
tuned in order to minimize the AAREA:

!

P  y A −y A
1X

i
e;i 
AARE ¼


A

y e;i
P i¼1 
A

ð2Þ

The activation function for the input layer for all 16
FFNNs was chosen log sigmoid function in order to
introduce nonlinearity in the model, as well as knowing
that it leads to faster convergence when the FFNN is
trained with backpropagation. For the output activation,
because we need to compute a score from 1 to 10, therefore we need to perform a multi-class classification, we
used softmax. As an optimization method, we used Stochastic Gradient Descent (SGD) as, compared to the
batch gradient descent, it is known to deal better with
redundancy by doing only one update at a time, it reduces the chance of the backpropagation algorithm to
get stuck in local minima, and is performing faster for
on-line learning [63]. We started with 0.1 as learning
rate and decreased to determine the optimal one for
each of the 16 FFNNs. We also employed the NguyenWidrow weights initialization method to distribute the
initial weights evenly in each layer [64]. We obtained the
following hyperparameters for the 16 FFNNs (to note
that the same learning rate was used for different layers
of the same FFNN and the momentum was set to 0.9 for
all the 16 FFNNs):
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– A-NN; hidden nodes 72, learning rate 0.02, weight
decay 0.001, training epochs 30,000
– B-NN; hidden nodes 76, learning rate 0.02, weight
decay 0.001, training epochs 30,000
– C-NN; hidden nodes 57, learning rate 0.01, no
weight decay needed, training epochs 35,000
– E-NN; hidden nodes 66, learning rate 0.015, weight
decay 0.0005, training epochs 32,000
– F-NN; hidden nodes 79, learning rate 0.02, weight
decay 0.001, training epochs 30,000
– G-NN; hidden nodes 68, learning rate 0.015, weight
decay 0.0005, training epochs 28,000
– H-NN; hidden nodes 81, learning rate 0.02, weight
decay 0.001, training epochs 33,000
– I-NN; hidden nodes 58, learning rate 0.01, no weight
decay needed, training epochs 28,000
– L-NN; hidden nodes 72, learning rate 0.02, weight
decay 0.001, training epochs 30,000
– M-NN; hidden nodes 68, learning rate 0.015, weight
decay 0.005, training epochs 28,000
– N-NN; hidden nodes 74, learning rate 0.02, weight
decay 0.001, training epochs 32,000
– O-NN; hidden nodes 69, learning rate 0.015, weight
decay 0.0005, training epochs 35,000
– Q1-NN; hidden nodes 55, learning rate 0.01, no
weight decay needed, training epochs 30,000
– Q2-NN; hidden nodes 66, learning rate 0.015,
weight decay 0.0005, training epochs 28,000
– Q3-NN; hidden nodes 60, learning rate 0.015,
weight decay 0.0005, training epochs 30,000
– Q4-NN; hidden nodes 49, learning rate 0.01, no
weight decay needed, training epochs 32,000
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videos designed to elicit one of the six basic emotions
(sadness, fear, happiness, anger, surprise, disgust), and
random scenarios––the cases where the subject is recorded when watching neutral (non-emotion eliciting)
videos. It is important to mention that these neutral videos might trigger different emotions to the subjects
watching them, but not in a controlled manner and
similar to the randomness of emotions triggered in any
non-emotion eliciting environment. Recordings are repeated six times in 3 months and every time the subject
is asked to take the 16PF questionnaire for evaluating
their 16PF traits in the day their face is recorded. Therefore, for each of the 64 subjects, we have 36 frontal face
video recordings where emotion is induced (six for each
of the six emotions), 30 frontal face video recordings in
random scenarios (no emotion is elicited), and six 16PF
questionnaire results. The frame rate used for the video
recordings is 30 fps. The individuals that took part in
this experiment were 64 Caucasian subjects, 32 males,
and 32 females, with ages between 18 and 35,
participating in accordance with the Helsinki Ethical
Declaration [65].
The videos employed for stimulating the subject’s
emotion are collected from the LIRIS-ACCEDE database [66], as this is the only publicly available database
that provides the induced valence and arousal axes for
each video, the annotations being consistent despite the
broad diversity of subjects’ cultural background.
Because each video in the LIRIS-ACCEDE database has
between 8 and 12 s, we combine more videos for the
same emotion in a 1-min video compilation as our
application needs longer recordings of the subject’s
emotion for both training and testing.

2.2.4 Overall architecture

The platform used for implementing the above described
neural network-based architecture is Scala (as programming language) using Spark MLib library. Implementation is done on a standard Java Virtual Machine (JVM),
and Eclipse is used as an Integrated Development Environment (IDE). The complexity of the program is around
90,000 code lines, and training the FFNNs is done in
parallel and lasts an average 3 h; the maximum time being around 5 h for N-NN and F-NN trained in intersubject methodology. The JVM is running on a system
with Intel i7 processor, 8 GB of RAM memory, and
using Linux Solaris 11.3 as an operating system.
2.2.4.1 16PF-FACS database As described in the previous subsections, currently, there is no standard database
that will relate face, emotions, and 16PF traits; hence, we
built our own by recording the frontal face of 64 subjects in different emotional conditions. In the following
section, we will refer to as controlled scenarios––the
cases where the subject is recorded while watching

2.2.4.2 Training phase The training phase can be divided into two stages: AU classifiers’ training (base layer
training) and the 16 FFNNs’ training (top layer training).
The AU classifiers’ training is the first training step
and is achieved using the CK+ [44] and MMI [67] databases in order to provide AU classification rates of over
90% in cross-database tests. Results are detailed in the
next section. When the AU classifiers’ training is completed, we proceed with training the 16 FFNNs. We used
both inter-subject and intra-subject methodologies for
training and testing the proposed architecture, but the
process is similar for both: the video frame containing
the frontal face is normalized, the face is detected using
the Viola-Jones face detection algorithm [68], and the
same algorithm is used for detecting the face components: the eye, brow, cheek, wrinkles, and lips [69]. The
facial features are acquired from each face component
using the methods depicted when the base layer was described and then fetched to the previously trained AU
classifiers. Each classifier determines the intensity level
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of the classified AU for each frame in the video sample
and fetches the result to the intermediary layer where
the AU activity map is built. When 30 new rows are
computed in the AU activity map pertaining to 30 consecutive frames from the video sample, they are fetched
to the 16 FFNNs in the top layer which are trained via
backpropagation in order to offer the same results as the
ones obtained via the 16PF questionnaire in the same
day the video sample used for training was recorded.
When AARE is low enough (0.01), and the training samples are exhausted, the training is complete, and the system is ready to be tested. The overall architecture can be
seen in Fig. 2.
2.2.4.3 Testing phase With the AU classifiers and the
FFNN trained, the system is ready to be tested. Hence,
frontal face video recordings of subjects are provided as
input to the base layer. The logic is similar to the one
for the training phase. The video sample is first normalized, and then, the face and its components are detected
using the Viola-Jones detection algorithm [68, 69]. The
facial features are again extracted from each frame and
for each face component and fetched to the AU classifiers which determine the intensity levels for each of the
27 AUs and fetch them to the AU activity map. When
30 new rows exist in the AU activity map, they are provided as an input to each of the 16 FFNNs, and each
FFNN computes a score from 1 to 10. When the score
becomes stable (has the same value for 10 s––300
consecutive frames) the process stops, and the personality trait prediction results are provided as an output. In
Fig. 3, a screenshot of the application is shown which

Fig. 2 Overall architecture
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depicts how, at a random video frame, the 16PF
predicted traits compare with the results obtained from
filling in the 16PF questionnaire.

3 Results and discussion
3.1 AU classification tests

To create the conditions for achieving high personality
prediction accuracy, we need to ensure that all 27 AUs
are classified with over 90% accuracy in cross-database
tests. For this, we performed several cross-database tests
on MMI [67], CK+ [44], and JAFFE [45] databases, and
in all these tests, we obtained classification rates higher
than 90%. Results are detailed in Table 1.
Lower classification rates are observed when JAFFE
database is used either for testing or training, mainly because the Japanese facial structure slightly differs from
that of the Caucasian subjects that are present in larger
numbers in the MMI and CK+ databases. Because in our
case, we test the proposed architecture only on Caucasian
subjects, the over 93% average AU classification rates for
MMI – CK+ cross-database tests offer a solid foundation
for evaluating the architecture on the far more complex
task of personality traits’ prediction. Therefore, we keep
the AU classifiers trained on CK+ database and continue
with the 16PF traits’ prediction tests.
3.2 Personality prediction tests

For testing the proposed architecture and analyzing the
relationships between the emotions induced, the facial
muscle activity, and the 16PF traits, we employed the
16PF-FACS database that we described in the previous
section. In the next sections, we discuss the results
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Fig. 3 16PF-FACS analysis application

obtained when conducting tests using intra-subject and
inter-subject methodologies.
3.2.1 Intra-subject methodology

Intra-subject methodology implies that the architecture
is trained and tested with video recordings pertaining to
the same subject. It is important to mention that the
16PF questionnaire results differed for the same subject
over the course of 3 months; hence, our database contains relevant datasets to train and test the system using
this methodology.
As we have 36 frontal face video recordings in controlled scenarios and 30 frontal face video recordings in
random scenarios for each subject as well as six 16PF
questionnaire results collected at intervals of 2 weeks,
we can use different combinations of these recordings in

order to analyze the relationship between the emotions
induced and the prediction accuracy for the 16PF traits.
We first train the proposed architecture on 12 video recordings acquired in controlled scenarios and test it on
the remaining 24 samples acquired in the same conditions, and we repeat this test for all combinations of
such video recordings pertaining to the subject analyzed.
We then increase the number of training samples to 18,
making sure that we have at least three samples for each
emotion, and we test the system on the remaining 18
samples, and, lastly, we train the system on 24 video
samples (four samples for each emotion) and test it on
the remaining 12 samples. A similar approach is used
for the video recordings acquired in random scenarios.
In addition to these tests done on samples that are either
acquired in controlled scenarios or random scenarios,
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Table 1 AUs’ classification rates for different cross-database tests
Training database

MMI [67]

MMI [67]

CK+ [44]

CK+ [44]

JAFFE [45]

JAFFE [45]

Test database

CK+ [44]

JAFFE [45]

MMI [67]

JAFFE [45]

MMI [67]

CK+ [44]

AU1 (classification rate) [%]

94.31 ± 0.54

90.23 ± 0.61

91.01 ± 0.51

90.51 ± 0.81

90.31 ± 0.95

90.71 ± 1.05

AU2 (classification rate) [%]

95.41 ± 0.41

91.24 ± 0.62

93.23 ± 0.42

92.43 ± 0.62

93.22 ± 0.43

92.13 ± 0.51

AU4 (classification rate) [%]

96.40 ± 0.64

91.32 ± 0.83

95.02 ± 0.63

92.33 ± 0.83

92.23 ± 0.75

91.43 ± 0.62

AU5 (classification rate) [%]

97.41 ± 0.33

92.34 ± 0.44

91.33 ± 0.44

92.14 ± 0.45

91.44 ± 0.52

91.52 ± 0.75

AU6 (classification rate) [%]

93.62 ± 0.32

91.46 ± 0.45

92.43 ± 0.21

91.34 ± 0.58

92.21 ± 0.65

91.11 ± 0.74

AU7 (classification rate) [%]

94.42 ± 0.42

94.27 ± 0.46

92.04 ± 0.34

91.13 ± 0.33

91.11 ± 0.45

92.14 ± 0.55

AU10 (classification rate) [%]

93.11 ± 0.41

91.21 ± 0.34

91.54 ± 0.32

91.31 ± 0.25

91.52 ± 0.42

91.24 ± 0.54

AU11 (classification rate) [%]

95.23 ± 0.32

92.12 ± 0.63

91.13 ± 0.35

93.21 ± 0.35

92.11 ± 0.48

91.12 ± 0.65

AU12 (classification rate) [%]

93.21 ± 0.24

92.12 ± 0.52

91.22 ± 0.38

93.20 ± 0.38

90.11 ± 0.44

90.41 ± 0.55

AU14 (classification rate) [%]

94.24 ± 0.25

91.23 ± 0.31

91.33 ± 0.41

92.22 ± 0.35

94.53 ± 0.45

93.23 ± 0.56

AU15 (classification rate) [%]

94.34 ± 0.26

92.35 ± 0.42

91.15 ± 0.47

92.20 ± 0.57

91.44 ± 0.73

93.25 ± 0.83

AU16 (classification rate) [%]

94.23 ± 0.47

92.22 ± 0.63

93.22 ± 0.48

94.32 ± 0.67

92.22 ± 0.76

94.32 ± 0.82

AU17 (classification rate) [%]

95.12 ± 0.33

91.23 ± 0.51

94.12 ± 0.51

90.53 ± 0.71

91.34 ± 0.6

92.01 ± 0.75

AU18 (classification rate) [%]

93.21 ± 0.26

91.53 ± 0.52

92.41 ± 0.44

91.34 ± 0.52

93.27 ± 0.56

92.22 ± 0.65

AU20 (classification rate) [%]

94.44 ± 0.23

93.35 ± 0.54

92.25 ± 0.44

92.53 ± 0.44

92.58 ± 0.55

92.11 ± 0.61

AU22 (classification rate) [%]

95.32 ± 0.32

94.12 ± 0.62

94.43 ± 0.58

94 ± 0.78

92.26 ± 0.95

90.65 ± 0.85

AU23 (classification rate) [%]

97.31 ± 0.41

93.23 ± 0.41

92.32 ± 0.42

92.34 ± 0.76

92.54 ± 0.75

92.43 ± 0.82

AU24 (classification rate) [%]

94.14 ± 0.33

92.15 ± 0.52

91.33 ± 0.42

91.44 ± 0.64

90.95 ± 0.65

90.53 ± 0.73

AU25 (classification rate) [%]

93.33 ± 0.45

91.32 ± 0.51

91.75 ± 0.44

92.11 ± 0.74

92.01 ± 0.75

91.32 ± 0.82

AU28 (classification rate) [%]

95.32 ± 0.36

93.23 ± 0.45

93.44 ± 0.35

92.12 ± 0.78

91.22 ± 0.85

91.41 ± 0.83

AU33 (classification rate) [%]

94.24 ± 0.22

92.15 ± 0.57

92.32 ± 0.47

92.33 ± 0.75

93.14 ± 0.82

92.13 ± 0.84

AU34 (classification rate) [%]

94.22 ± 0.41

92.23 ± 0.55

92.31 ± 0.45

93.31 ± 0.65

91.23 ± 0.73

91.45 ± 0.78

AU35 (classification rate) [%]

95.41 ± 0.34

95.24 ± 0.43

93.42 ± 0.34

95.51 ± 0.65

92.45 ± 0.72

93.22 ± 0.75

AU43 (classification rate) [%]

96.24 ± 0.21

93.25 ± 0.62

92.35 ± 0.52

91.33 ± 0.85

92.46 ± 0.83

95.45 ± 0.9

AU45 (classification rate) [%]

95.35 ± 0.41

93.21 ± 0.81

92.58 ± 0.58

91.21 ± 0.95

95.01 ± 0.92

94.21 ± 0.72

we also perform a cross-dataset test; hence, we train the
system on video recordings acquired in controlled scenarios (where a particular emotion is elicited), and we
test it on video recordings acquired in random scenarios
(where no emotion is elicited) and vice-versa. All these
tests are repeated for all the 64 subjects, and results are
displayed in Table 2.
Analyzing the results, we observe that the highest prediction accuracy is obtained when the video recordings
acquired in controlled scenarios are used for both training and testing, more precisely when the number of
training samples is the highest. In this case, we obtain
over 80% prediction accuracy for warmth, emotional
stability, liveliness, social boldness, sensitivity, and
vigilance as well as over 75% prediction accuracy for rule
consciousness and tension while for other 16PF traits
the prediction accuracy is 60–70%. When video recordings acquired in random scenarios are used in both
training and testing phases, the 16PF prediction accuracy
is 4% lower. We obtain 75% prediction accuracy for

warmth, emotional stability, liveliness, social boldness,
sensitivity, and vigilance and close to 70% prediction accuracy for rule consciousness and tension. As we have
seen, a prediction accuracy increase of 4% when using
the video recordings collected in controlled scenarios.
This indicates that there is a relationship between the
16PF traits and the facial muscle activity elicited by the
induced emotion that is adding more value to the overall
16PF traits’ prediction accuracy.
When the system is trained on video recordings
acquired in controlled scenarios and tested on the ones
acquired in random scenarios, we also observe an
improvement of up to 6% compared to the tests where
the samples collected in random scenarios are used for
training and the ones collected in controlled scenarios
are employed for testing and only a 2% decrease compared to the case where video recordings acquired in
controlled scenarios are used for both training and testing. This shows that the frontal face recordings acquired
when a specific emotion was induced add more value in

Avg. processing time (s)

79.32 ± 0.41
70.04 ± 0.33
80.95 ± 0.34
82.23 ± 0.32
78.95 ± 0.33
65.84 ± 0.44
66.05 ± 0.34
67.44 ± 0.45
61.23 ± 0.54
60.65 ± 0.62
60.43 ± 0.43
74.44 ± 0.52

Dominance

Liveliness

Rule consciousness

Social boldness

Sensitivity

Vigilance

Abstractedness

Privateness

Apprehension

Openness to change

Self-reliance

Perfectionism

Tension
30

79.33 ± 0.33
71.04 ± 0.21

Emotional stability

77.32 ± 0.51

Prediction accuracy (%)
71.23 ± 0.42

12/24

No. of training samples/no. of test samples

Warmth

Controlled

Type of test samples

Reasoning

Controlled

Type of training samples

31

75.54 ± 0.46

61.24 ± 0.55

61.17 ± 0.43

62.58 ± 0.56

68.26 ± 0.45

67.24 ± 0.52

66.48 ± 0.45

79.47 ± 0.35

83.35 ± 0.42

81.13 ± 0.35

73.34 ± 0.43

80.23 ± 0.35

71.14 ± 0.44

80.36 ± 0.32

72.25 ± 0.51

79.44 ± 0.43

18/18

Controlled

Controlled

30

76.54 ± 0.41

62.02 ± 0.32

62.13 ± 0.34

64.34 ± 0.37

70.23 ± 0.37

68.54 ± 0.43

67.55 ± 0.45

80.13 ± 0.32

85.04 ± 0.26

84.45 ± 0.21

75.44 ± 0.32

81.12 ± 0.38

72.13 ± 0.45

82.54 ± 0.34

73.15 ± 0.52

81.34 ± 0.34

24/12

Controlled

Controlled

42

65.25 ± 0.61

56.35 ± 0.48

56.66 ± 0.53

55.37 ± 0.52

61.33 ± 0.71

59.14 ± 0.83

60.05 ± 0.65

71.23 ± 0.71

74.34 ± 0.67

76.44 ± 0.65

68.55 ± 0.74

72.43 ± 0.72

63.35 ± 0.72

71.33 ± 0.74

63.52 ± 0.73

70.21 ± 0.81

12/18

Random

Random

Table 2 16PF traits’ prediction accuracy and average processing times for intra-subject tests

44

68.35 ± 0.62

58.12 ± 0.36

58.23 ± 0.44

58.25 ± 0.46

63.44 ± 0.62

59.35 ± 0.72

60.23 ± 0.56

74.51 ± 0.62

78.32 ± 0.58

78.14 ± 0.56

70.23 ± 0.62

76.31 ± 0.65

66.43 ± 0.65

76.44 ± 0.67

66.45 ± 0.68

74.36 ± 0.78

18/12

Random

Random

40

70.24 ± 0.54

59.53 ± 0.35

58.41 ± 0.34

60.22 ± 0.36

66.53 ± 0.54

60.33 ± 0.65

62.56 ± 0.65

76.85 ± 0.57

81.35 ± 0.49

80.25 ± 0.48

72.14 ± 0.53

78 ± 0.58

67.25 ± 0.55

79.35 ± 0.56

67.26 ± 0.65

77.27 ± 0.68

24/6

Random

Random

30

75.55 ± 0.65

61.43 ± 0.52

61.14 ± 0.38

63.24 ± 0.42

69.14 ± 0.43

64.35 ± 0.54

65.05 ± 0.55

79.25 ± 0.46

84.24 ± 0.25

83.36 ± 0.31

74.46 ± 0.35

80.44 ± 0.45

71.65 ± 0.55

82.25 ± 0.38

71.96 ± 0.46

81 ± 0.42

36/30

Random

Controlled

32

70.34 ± 1.12

56.63 ± 0.93

56.51 ± 0.75

56.22 ± 0.85

63.44 ± 0.65

59.23 ± 0.85

60.33 ± 0.92

73.65 ± 0.85

77.54 ± 0.52

77.23 ± 0.63

68.34 ± 0.72

74.92 ± 0.91

65.35 ± 1.02

66.44 ± 0.78

65.45 ± 0.94

75.35 ± 0.85

30/36

Controlled

Random

50

69.11 ± 0.44

60.24 ± 0.35

58.23 ± 0.42

61.42 ± 0.37

67.95 ± 0.35

62.53 ± 0.53

63.44 ± 0.51

78.45 ± 0.37

82.34 ± 0.32

82.03 ± 0.28

72.53 ± 0.36

79.04 ± 0.42

70.32 ± 0.48

80.13 ± 0.42

70.34 ± 0.48

80.21 ± 0.41

44/22

Controlled + random

Controlled + random
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the testing phase. This is a significant finding if we consider this system’s applicability for real-time applications
where the testing is done ad hoc, as it shows that the
controlled scenarios are only necessary for the training
stage and, once the system is trained, it will return satisfactory results in random situations. The fact that, when
video recordings collected in both controlled and random scenarios are used together for testing and training,
the prediction accuracy only reduces by 1% compared to
when the samples acquired in the controlled scenario
are used for training, and the ones collected in random
scenarios are used for testing also sustains this finding.
Regarding processing time, the highest is obtained when
samples from both scenarios are used in both training and
testing. In this case, the time needed to converge to a
stable result is 50 s. When samples acquired in controlled
scenarios are used for both phases, the average convergence time is 30 s, while when samples acquired in
random scenarios are used for both training and testing,
the convergence time increases with 10 s.
We also conduct a test to determine how the six induced emotions are correlated with each of the 16PF
traits’ prediction accuracy. For this, we train the system
on 35 samples acquired in the controlled scenario, and
we test it on the remaining sample with a leave-one-out
approach, repeating the test until all 36 samples are used
for testing and averaging the accuracy for each of the
16PF traits. The test is repeated for all 64 subjects, and
the averaged results are detailed in Table 3.
As it can be observed, several correlations can be
found between some of the 16PF traits and the emotions
induced:
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– Inducing happiness or anger leads to over 88%
prediction accuracy for warmth
– Inducing happiness or sadness leads to over 88%
prediction accuracy for emotional stability
– Inducing happiness or surprise leads to over 86%
prediction accuracy for liveness
– Inducing happiness or fear leads to over 88%
prediction accuracy for social boldness
– Inducing happiness or anger leads to over 88%
accuracy for sensitivity
– Inducing fear or disgust leads to over 87% prediction
accuracy for vigilance
– Inducing anger or fear leads to over 87% prediction
accuracy for tension
For other 16PF traits, there is no clear relationship
between the emotion elicited and high 16PF traits’
prediction accuracy.
3.2.2 Inter-subject methodology

Inter-subject methodology refers to training the proposed architecture on multiple subjects and testing it on
a brand new subject. Similar to the intra-subject methodology, we train the system using a leave-one-out
approach, first on 32 subjects and test it on the
remaining 32, then on 48 subjects and test it on the
remaining 16, and, lastly, on 63 subjects and test it on
the remaining one. The tests are repeated until all combinations of 64 subjects go through the testing phase.
We use the same approach as in intra-subject methodology, training and testing the proposed architecture on
samples acquired in controlled scenarios, samples

Table 3 16PF traits’ prediction accuracy for intra-subject tests based on test sample induced emotion
Emotion induced
Prediction accuracy (%)

Happiness

Anger

Fear

Disgust

Surprise

Sadness

Warmth

89.51 ± 0.32

85.54 ± 0.25

76.54 ± 0.45

88.21 ± 0.26

72.12 ± 0.33

74.41 ± 0.37

Reasoning

70.13 ± 0.33

73.35 ± 0.37

74.33 ± 0.43

72.32 ± 0.45

70.23 ± 0.36

71.13 ± 0.34

Emotional stability

88.23 ± 0.21

74.45 ± 0.35

67.21 ± 0.51

65.23 ± 0.43

65.52 ± 0.46

89.02 ± 0.27

Dominance

65.28 ± 0.42

73.34 ± 0.32

73.24 ± 0.45

65.32 ± 0.42

66.21 ± 0.44

66.44 ± 0.52

Liveliness

86.27 ± 0.34

76.43 ± 0.45

74.35 ± 0.47

72.21 ± 0.45

87.02 ± 0.24

73.34 ± 0.42

Rule-consciousness

72.24 ± 0.36

72.13 ± 0.43

69.35 ± 0.35

69.22 ± 0.54

70.21 ± 0.36

70.22 ± 0.51

Social boldness

88.86 ± 0.26

79.32 ± 0.23

90.04 ± 0.22

67.43 ± 0.52

72.23 ± 0.35

71.16 ± 0.42

Sensitivity

88.95 ± 0.32

91.05 ± 0.21

78.05 ± 0.32

72.35 ± 0.38

74.44 ± 0.37

72.37 ± 0.37

Vigilance

75.53 ± 0.32

73.23 ± 0.34

87.53 ± 0.32

87.33 ± 0.28

78.45 ± 0.28

72.13 ± 0.38

Abstractedness

63.31 ± 0.42

65.54 ± 0.42

68.04 ± 0.38

70.04 ± 0.34

67.52 ± 0.43

67.42 ± 0.45

Privateness

68.57 ± 0.43

67.25 ± 0.52

66.53 ± 0.42

64.33 ± 0.52

70.04 ± 0.41

65.58 ± 0.52

Apprehension

70.35 ± 0.45

72.65 ± 0.43

68.44 ± 0.45

67.42 ± 0.46

70.22 ± 0.37

70.33 ± 0.45

Openness to change

60.24 ± 0.52

59.33 ± 0.35

65.51 ± 0.47

62.21 ± 0.45

63.23 ± 0.52

61.68 ± 0.35

Self-reliance

70.05 ± 0.45

65.24 ± 0.45

66.23 ± 0.51

67.32 ± 0.47

61.11 ± 0.54

59.33 ± 0.65

Perfectionism

59.95 ± 0.55

60.05 ± 0.34

60.05 ± 0.55

65.04 ± 0.51

62.06 ± 0.64

63.05 ± 0.55

Tension

70.21 ± 0.47

87.23 ± 0.31

87.23 ± 0.28

67.23 ± 0.45

72.12 ± 0.43

76.04 ± 0.36
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acquired in random scenarios, and combinations of the
two datasets. Results are averaged and are detailed in
Table 4.
As it can be observed, we have similar results as the
ones obtained in intra-subject methodology. The highest 16PF traits’ prediction accuracy is obtained when
63 subjects are used in the training phase, and the proposed architecture is tested on the remaining subject,
in both phases using samples acquired in controlled
scenarios. In this case, we obtain 84% prediction accuracy for sensitivity, 82.2% prediction accuracy for social
boldness, 80.4% prediction accuracy for liveliness and
warmth, 80.3% prediction accuracy for emotional stability, and over 75% prediction accuracy for vigilance
and tension. Similarly, when samples acquired in random scenarios are used for training and testing, the
prediction accuracy for all 16PF traits decreases with
up to 4%.
When we use samples acquired in controlled scenarios for training and samples acquired in random scenarios for testing, we also observe an increase of up to
4% compared to when the samples acquired in random
scenarios are used for both training and testing. The
same conclusion as the one drawn in intra-subject
methodology can be formulated here: the video recordings acquired in controlled scenario add more value to
the prediction accuracy if they are used in the training
phase. This emphasizes the applicability of this
approach in real-time applications where the 16PF
traits need to be evaluated ad hoc, as the need for controlled scenarios is only vital when training the system,
while for testing, we can use video recordings acquired
in totally random scenarios. The fact that the same
finding is observed in both intra-subject and intersubject methodology shows that the proposed architecture is robust across different testing methodologies.
Regarding the processing time, the highest convergence time that the 16 FFNNs needed to compute the
16PF traits is obtained when samples acquired in both
controlled and random scenarios are used for both
training and testing; in this case, it reaches an average
of 58 s. Similarly to the intra-subject methodology,
when the samples acquired in the controlled scenario
are used for both training and testing, the maximum
time needed to compute the 16PF predicted traits was
33 s, while when samples acquired in random scenarios
are used, the time to converge is 12 s higher. This
means that every maximum of 1 min, the proposed
architecture computes the predicted 16PF traits and,
knowing that personality traits usually change over
larger periods of time, this makes our approach suitable
for real-time monitoring as well as offers the advantages of being faster and easier to assess the 16PF traits
than the 16PF questionnaire.
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We conduct the same analysis as in intra-subject
methodology, evaluating the relationships between the
induced emotions and each of the 16PF traits’ prediction
accuracy in inter-subject methodology. Results are
detailed in Table 5.
We reached similar conclusions as in intra-subject tests:
– Inducing happiness or anger leads to over 85%
prediction accuracy for warmth
– Inducing happiness or sadness leads to over 85%
prediction accuracy for emotional stability
– Inducing happiness or surprise leads to over 84%
prediction accuracy for liveliness
– Inducing happiness or fear leads to over 86%
prediction accuracy for social boldness
– Inducing happiness or anger leads to over 87%
prediction accuracy for sensitivity
– Inducing fear or disgust leads to over 82% prediction
accuracy for vigilance
– Inducing anger or fear leads to over 80% accuracy
for tension
These prediction accuracies are more than 5% higher
than the most successful case when samples acquired in
the controlled scenario are used for both training and
testing, with 63 subjects used in the training phase. This
shows that eliciting emotions adds significant value to
the prediction of these seven 16PF traits.
3.3 Links between FACS to MBTI personality traits

As we showed in both intra-subject and inter-subject
tests, if specific emotions are induced to the subject, their
facial muscle activity provides more valuable information
that leads to predicting with higher accuracy than the
16PF traits. In order to determine the relationship
between the facial muscle activity and the 16PF traits, we
build another application that searches within all the rows
added to the AU activity map during the 16PF traits
prediction task and flags the AUs that are present at high
levels (level E – classification score of over 85) when the
prediction accuracy for each of the 16PF traits is over
85%. The results are detailed in Table 6.
We observe that for each of the 16PF traits, we have
an AU or group of AUs that, if present at high levels,
contribute to predicting with high accuracy the 16PF
traits. We determined, for example, that if AU4, AU5,
and AU6 are present at high levels, warmth can be predicted with very high accuracy, while if AU4, AU5, and
AU23 are present at high levels, dominance can be predicted with over 85% accuracy. These findings provide
valuable information that relates the facial muscle activity to the 16PF traits and which can be further exploited
to determine faster and with higher accuracy scores for
each of the 16PF traits.

Avg. processing time (s)

66.22 ± 0.43
59.04 ± 0.63
58.05 ± 0.65
58.02 ± 0.68
72.22 ± 0.42

Openness to change

Self-reliance

Perfectionism

Tension
32

63.04 ± 0.52

81.12 ± 0.27

Sensitivity

Apprehension

79.22 ± 0.25

Social boldness

Privateness

70.43 ± 0.43

Rule consciousness

76.54 ± 0.35

78.22 ± 0.32

Liveliness

64.25 ± 0.48

69.41 ± 0.55

Dominance

Abstractedness

76.64 ± 0.43

Emotional stability

Vigilance

75.21 ± 0.45

Prediction accuracy (%)
69.83 ± 0.52

32/32

Number of subjects involved in training/total number
of test subjects

Warmth

Controlled

Type of test samples

Reasoning

Controlled

Type of training samples

33

73.04 ± 0.38

58.42 ± 0.65

58.23 ± 0.62

59.85 ± 0.59

66.26 ± 0.38

64.23 ± 0.48

65.05 ± 0.45

76.53 ± 0.32

82.25 ± 0.25

80.28 ± 0.25

71.13 ± 0.35

79.24 ± 0.33

69.67 ± 0.47

78.48 ± 0.38

71.33 ± 0.45

77.44 ± 0.42

48/16

Controlled

Controlled

33

75.43 ± 0.35

58.53 ± 0.62

58.54 ± 0.58

60.11 ± 0.55

68.92 ± 0.36

66.34 ± 0.44

65.96 ± 0.42

78.17 ± 0.25

84.04 ± 0.22

82.25 ± 0.21

72.05 ± 0.32

80.43 ± 0.25

71.16 ± 0.43

80.35 ± 0.26

72.23 ± 0.44

80.44 ± 0.36

63/1

Controlled

Controlled

46

66.06 ± 0.66

49.23 ± 0.91

50.62 ± 0.85

50.54 ± 0.85

60.15 ± 0.65

57.26 ± 0.72

57.05 ± 0.68

71.17 ± 0.45

76.23 ± 0.35

72.42 ± 0.42

65.34 ± 0.57

71.96 ± 0.42

62.33 ± 0.65

72.22 ± 0.53

64.04 ± 0.62

73.21 ± 0.55

32/32

Random

Random

Table 4 16PF traits’ prediction accuracy and average processing times for inter-subject tests

49

67.55 ± 0.61

50.33 ± 0.85

51.24 ± 0.81

51.97 ± 0.82

61.23 ± 0.58

59.77 ± 0.68

59.43 ± 0.65

72.44 ± 0.43

78.66 ± 0.32

73.04 ± 0.36

67.17 ± 0.48

72.22 ± 0.38

63.23 ± 0.62

74.34 ± 0.51

66.05 ± 0.55

75.41 ± 0.52

48/16

Random

Random

45

71.04 ± 0.52

52.83 ± 0.83

52.01 ± 0.75

53.24 ± 0.75

63.23 ± 0.55

60.33 ± 0.65

61.02 ± 0.58

73.51 ± 0.42

80.82 ± 0.26

75.13 ± 0.34

68.04 ± 0.45

74.23 ± 0.37

66.04 ± 0.55

76.26 ± 0.45

68.13 ± 0.52

76.21 ± 0.48

63/1

Random

Random

37

73.72 ± 0.41

56.43 ± 0.65

56.05 ± 0.65

58.54 ± 0.62

65.33 ± 0.42

63.05 ± 0.48

62.23 ± 0.45

76.24 ± 0.31

81.12 ± 0.26

80.06 ± 0.28

70.11 ± 0.35

78.42 ± 0.26

70.43 ± 0.45

80.07 ± 0.31

71.33 ± 0.47

78.91 ± 0.42

63/1

Random

Controlled

37

70.24 ± 0.61

53.07 ± 0.91

53.13 ± 0.83

54.05 ± 0.82

61.21 ± 0.65

58.22 ± 0.67

58.33 ± 0.69

71.34 ± 0.53

76.02 ± 0.37

76.23 ± 0.45

67.24 ± 0.56

74.04 ± 0.48

66.82 ± 0.64

73.02 ± 0.56

65.41 ± 0.62

75.52 ± 0.58

63/1

Controlled

Random

58

72.13 ± 0.37

54.25 ± 0.58

54.52 ± 0.58

54.13 ± 0.55

63.11 ± 0.36

60.32 ± 0.52

60.23 ± 0.45

74.85 ± 0.27

80.23 ± 0.25

78.54 ± 0.23

68.97 ± 0.29

78.21 ± 0.23

69.52 ± 0.45

79.43 ± 0.27

71.05 ± 0.46

78.32 ± 0.38

63/1

Controlled + random

Controlled + random
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Table 5 16PF traits’ prediction accuracy for inter-subject tests based on test sample induced emotion
Emotion induced
Prediction accuracy (%)

Happiness

Anger

Fear

Disgust

Surprise

Sadness

Warmth

85.41 ± 0.25

85.63 ± 0.24

76.45 ± 0.34

69.47 ± 0.43

78.21 ± 0.28

72.14 ± 0.46

Reasoning

68.32 ± 0.43

73.32 ± 0.39

72.13 ± 0.35

73.28 ± 0.35

68.92 ± 0.37

71.02 ± 0.45

Emotional stability

86.31 ± 0.27

72.41 ± 0.38

71.32 ± 0.35

73.36 ± 0.35

71.23 ± 0.35

85.64 ± 0.23

Dominance

69.23 ± 0.42

73.26 ± 0.34

72.64 ± 0.41

69.83 ± 0.45

71.32 ± 0.35

72.12 ± 0.43

Liveliness

85.42 ± 0.21

71.26 ± 0.43

72.14 ± 0.37

71.35 ± 0.43

84.96 ± 0.22

68.34 ± 0.56

Rule consciousness

71.11 ± 0.36

72.05 ± 0.39

68.33 ± 0.45

69.33 ± 0.44

72.07 ± 0.36

70.32 ± 0.43

Social boldness

87.23 ± 0.31

72.14 ± 0.42

86.32 ± 0.28

68.36 ± 0.44

69.21 ± 0.42

72.16 ± 0.42

Sensitivity

88.05 ± 0.25

87.33 ± 0.25

71.41 ± 0.35

73.38 ± 0.38

69.13 ± 0.43

72.16 ± 0.42

Vigilance

71.16 ± 0.43

69.32 ± 0.42

82.35 ± 0.31

83.15 ± 0.32

72.14 ± 0.34

73.14 ± 0.45

Abstractedness

64.34 ± 0.46

65.27 ± 0.45

64.46 ± 0.47

68.43 ± 0.45

67.45 ± 0.46

69.23 ± 0.48

Privateness

66.33 ± 0.42

66.26 ± 0.45

65.14 ± 0.43

68.97 ± 0.45

70.13 ± 0.38

61.12 ± 0.55

Apprehension

68.91 ± 0.38

69.24 ± 0.47

67.13 ± 0.38

70.24 ± 0.39

65.42 ± 0.45

66.41 ± 0.51

Openness to change

61.14 ± 0.55

59.33 ± 0.52

62.22 ± 0.52

63.13 ± 0.44

61.24 ± 0.48

66.43 ± 0.48

Self-reliance

58.22 ± 0.55

59.35 ± 0.55

56.51 ± 0.55

62.22 ± 0.46

63.26 ± 0.45

59.42 ± 0.56

Perfectionism

59.51 ± 0.54

59.33 ± 0.55

60.16 ± 0.52

63.41 ± 0.43

66.43 ± 0.51

62.14 ± 0.55

Tension

69.43 ± 0.43

81.28 ± 0.21

80.97 ± 0.23

70.22 ± 0.34

74.32 ± 0.35

68.16 ± 0.47

3.4 Comparison with state-of-the-art

As detailed in the Section 1.1, recognizing personality
traits from facial features is an understudied domain,
and, currently, there is no database that is generally used
in these studies, so the comparison with the state-ofthe-art is made by mentioning that the databases and
personality frameworks used are different. The comparison is presented in Table 7.
Our work offers 67% prediction accuracy for the 16PF
traits when trained and tested on samples acquired in

random scenarios and an average of 70–72% prediction
accuracy when samples acquired in controlled scenarios
are used. We obtain over 80% prediction accuracy for
seven of the 16PF traits (warmth, emotional stability,
liveliness, social boldness, sensitivity, vigilance, tension).
Our current work, therefore, offers 10% better prediction
accuracy compared to the one conducted by Chin et al.
[22] using the MBTI instrument. Compared to the work
of Setyadi et al. [4] that evaluates the four temperaments
based on facial features, our system offers similar results

Table 6 Relationships between high-level AUs and high 16PF traits’ prediction accuracy
16PF personality trait

AUs at high levels

Warmth

AU6 (upper lid raiser), AU4 (brow lowerer), AU5 (upper lid raiser)

Reasoning

AU1 (inner brow raiser), AU2 (outer brow raiser), AU4 (brow lowerer), AU5 (upper lid raiser)

Emotional stability

AU6 (cheek raiser), AU12 (nasolabial deepener), AU15 (lip corner depressor)

Dominance

AU4 (brow lowerer), AU5 (upper lid raiser), AU23 (lip tightener)

Liveliness

AU1 (inner brow raiser), AU2 (outer brow raiser), AU26 (jaw drop)

Rule consciousness

AU5 (upper lid raiser), AU7 (lid tightener)

Social boldness

AU6 (cheek raiser), AU7 (lid tightener), AU20 (lip stretcher)

Sensitivity

AU6 (cheek raiser), AU12 (lip corner puller), AU23 (lip tightener)

Vigilance

AU1 (inner brow raiser), AU2 (outer brow raiser), AU5 (upper lid raiser), AU20 (lip stretcher), AU9 (nose wrinkler)

Abstractedness

AU9 (nose wrinkeler), AU15 (lip corner depressor)

Privateness

AU5 (upper lid raiser), AU26 (jaw drop)

Apprehension

AU7 (lid tightener), AU23 (lip tightener)

Openness to change

AU2 (outer brow raiser), AU4 (brow lowerer), AU7 (lid tightener), AU20 (lip stretcher)

Self-reliance

AU6 (cheek raiser), AU12 (lip corner puller)

Perfectionism

AU15 (lip corner depressor), AU16 (lower lip depressor)

Tension

AU7 (lid tightener), AU20 (lip stretcher), AU23 (lip tightener), AU26 (jaw drop)
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Table 7 Comparison with state-of-the-art
Work

Year

Method
used

Facial features used

Personality type
assessed

Highest prediction accuracy

Setyadi et al. [4]

2015

ANNs

Distance between two corners
of the eyes, high of eyes, ratio
of the mouth width and nose,
the width ratio of two eyes,
and thickness of lower lip

four temperaments

65–68% (for sanguine and
melancholic temperaments)

Teijeiro-Mosquera
et al. [20]

2015

CERT

CERT—four sets of
behavioral cues

FFM

60–65% (for extraversion)

Gavrilescu [21]

2015

FFNN

FACS—27 AUs

FFM

75% (for neuroticism, openness
to experience, and extraversion)

Chin et al. [22]

2013

EM

Marker-based tracking

MBTI

60%

Zhang et al. [23]

2017

CNNs

CNN features

16PF

> 80% for rule consciousness and tension

Current work

2017

FFNNs

FACS—27 AUs

16PF

67% (random datasets for training and testing)
70–72% (emotion induced datasets for
training and random datasets for testing)
> 80% for warmth, emotional stability, liveliness,
social boldness, sensitivity, vigilance, and tension

but on a far more complex task. Similarly, compared to
the work of Teijeiro-Mosquera et al. [20] which evaluate
the FFM personality traits using CERT, our results are
better with up to 5%, but lower than the results obtained
in our previous work [21] where the FFM personality
traits are evaluated on the same database. Our system
also offers better prediction accuracy and more robustness compared to the results obtained by Zhang et al.
[23] which only reach over 80% accuracy for only two of
the 16PF traits while for other 16PF traits the results are
significantly lower, while in our study, we obtain satisfactory prediction accuracy for almost all 16PF traits and
over 80% prediction accuracy for seven of them.

4 Conclusions
We propose a novel three-layered neural network-based
architecture for studying the relationships between emotions, facial muscle activity analyzed using FACS, and
the 16PF traits. We use a specific set of features and
classifiers to determine the AUs’ intensity levels, and we
compute an AU activity map which is in turn analyzed
by a set of 16 FFNNs predicting the scores for the 16PF
traits. Tested on our database, we show that using video
samples acquired in controlled scenarios (when emotion
is elicited) for training, the 16PF traits’ prediction accuracy increases with up to 6%. The proposed system also
determines with over 85% accuracy seven of the 16PF
traits, while for the other traits, the accuracy is lower.
We show that there are distinct sets of induced emotions and specific combinations of high-level AUs that
can be used to improve the prediction accuracy for the
16PF traits even more, demonstrating that there is a relationship between the facial muscle activity, emotions,
and the 16PF traits that can be further exploited for
higher prediction accuracy and faster convergence, and

this will be the direction of our future research. Regarding the processing time, the system converges to a stable
result in no more than 58 s, making the approach faster
and more practical than filling in the 16PF questionnaire
and suitable for real-time monitoring, computing the
personality traits of an individual in no more than
1 min. As a drawback, we obtain lower prediction accuracy for several 16PF traits, and we can consider analyzing a broader spectrum of AUs as well as posture and
gesture to increase the prediction accuracy for these
traits. We can also consider other ways of stimulating
emotions, knowing the fact that watching emotional videos is not always sufficient to prompt expressions that
would provide all the relevant information to evaluate all
aspects of personality, and this is another direction
which will be pursued in our future research.
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