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CHAPTER 1 — INTRODUCTION

Given the significant impact of emotions in essential cognitive processes and human interactions, as well as
the importance of personality and temperament for understanding humans, for a computer to interact efficiently,
naturally and in an intelligent manner with humans, it is vital for it to be able to recognize and express affective
processes. These processes have a crucial role in understanding more complex phenomena, such as attention,
memory or esthetics, and have applications in a broad spectrum of areas, from education [1], communication
[2], entertainment [3], and design [4] to medical science [5] or improving human-computer interactions [6].
Considering these research needs, a new branch emerged called Affective Computing (AC), an interdisciplinary
research area that spans from information technology and computer science to psychology and cognitive
sciences. It is evident that, given the technological progress, this domain will be more and more researched. AC
has already started to become an active area, examining ways in which devices for predicting emotions or other
psychological traits can be developed as well as how these devices should respond to simulate empathy, but
also a so-called affective mediation, a group of techniques used to facilitate the communication between
humans who reveal their emotions [7]. These research paths which were developed mostly in the last decade are
joining other research in assistive technology to improve the neglected area of human-computer and computer-
mediated communication [7]. In this thesis, we propose non-invasive architectures designed to predict
emotions, personality, temperament, and emotional states. The thesis starts with a unimodal methodology by
analyzing separately three types of features (face, speech, and handwriting), culminating with a multimodal
analysis in which the optimal fusion methods are determined for each analyzed affective process to ensure the

highest prediction accuracy.

CHAPTER 2 — PSYCHOLOGICAL TOOLS USED

Although there is a large number of ways in which human affective processes can be defined and evaluated,
in this thesis, we focus on the most effective and with proved practical use. For defining emotions, we start
with the study conducted by Clynes [8] who emphasizes the idea of pure basic sentic states and we rely on Paul
Ekman’s research [9] who determines six basic emotions which we use in this study as well: anger, surprise,
fear, happiness, sadness, and disgust. We use the Facial Action Coding System (FACS) [9] to analyze
microexpressions translated in sets of Action Units (AU), having the main advantage of determining real
emotions, even in cases when the subject tries to simulate other emotions [9]. In the latest FACS revision [10],
the face is divided into 46 AUs and six intensity levels for each AU [10]. For defining personality, we use the
Five-Factor Model (FFM) [11], analyzing five fundamental personality dimensions, as follows [11]: Openness
(O), Consciousness (C), Extroversion (E), Agreeableness (A), and Neuroticism (N). FFM is successfully used in
a large number of applications, from personal and professional development to predicting personality disorders,
predicting substance use [12] or several physical diseases which have as symptoms different FFM dimensions
patterns [13]. For defining temperament, we use the Fundamental Interpersonal Relations Orientation-
Behavior (FIRO-B) [14] based on three fundamental interpersonal needs that determine a person to act or not
when they are part of a group: Openness, Control, and Inclusion [14]. These three fundamental needs are

evaluated through a specific questionnaire, on a scale from 0 to 9, on two coordinates: Expressed and Wanted
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[14]. The results are mapped into five fundamental temperaments: melancholic, choleric, sanguine, supine, and
phlegmatic. FIRO-B is primarily used for efficient team building, career counseling, and professional
development [15]. For defining emotional states, we use the Depression Anxiety Stress Scale (DASS) [16].
DASS proposes a Self-Analysis Questionnaire (SAQ), which allows for the assessment of 14 elements
associated with the three emotional states [16]. The result obtained from completing the questionnaire depicts
the severity level of the emotional state, from Normal to Extreme Severe. DASS is successfully used for
determining the severity of depression, anxiety, and stress [16], as well as for employee psychological
evaluation [16], adaptive learning [17] or diagnosing physical diseases with one or more of these acute

emotional states as symptoms [18].

CHAPTER 3 — DATABASES AND GENERAL ARCHITECTURAL DETAILS

We want to compare the architectures proposed in this thesis with other methods in the literature. Therefore,

we use a set of public databases which are evaluated in similar studies. These are mentioned in the below table.

Affective process Facial analysis Speech analysis Handwriting analysis Multimodal analysis
CK [19], CK+ [20], JAFFE AVIC [28], eNTERFACE [29], eNTERFACE [29],
Emotion [21], MMI [22], RU-FACS  McGilloway [30], structured Belfast ) AVIC [29], naturalistic
[23], Belfast [24], AFEW [24], naturalistic Belfast [24], Belfast [24], SALAS
[25] SALAS [30] [30]
Personality - SSPNet SPC [31] - -
Temperament - SSPNet SPC [31]
ANUStressDB [26] (stress), SUSAS [32] (stress), AVEC2014 AVEC 2014 [27]
Emotional state AVEC2014 [27] [27] (depression), France et al. [34] EMOTHAW [33] .
. - (depression)
(depression) (depression)

Because we need a database that correlates all three types features (face, speech, and handwriting) with all
four affective processes and there are no state-of-the-art databases of this kind, we created our own database
called MENTAL (Multimodal - Emotion persoNality Temperament - Affective state Labeling), by involving
128 Caucasian subjects (64 males, 64 females), with ages between 18 and 35 years, chosen in order to keep a
homogenous distribution of the five temperaments as well as to display all DASS levels. We collect
handwritten samples and audio-video frontal face recordings in scenarios where no emotion is induced, as well
as when each of the six basic emotions is induced. In each of these sessions, the results obtained after filling in
the four questionnaires (Discrete Emotions Questionnaire - DEQ, FFM, FIRO-B, and SAQ) is also collected.
The questionnaire results are evaluated by trained psychologists to exclude the samples which are not correctly
completed. For inducing the six basic emotions, we use videos from LIRIS-ACCEDE database [35]. MENTAL
is divided in a controlled dataset (DSC) where samples are acquired when emotion is induced or the
handwritten text is predefined, and a random dataset (DSR) where samples are acquired when no emotion is
induced or the handwritten text is freely chosen by the subject.

Although there’s a broad range of neural networks that can be used, in this thesis, we evaluate exclusively
feed-forward neural networks (FFNN). For the majority of FFNN-based systems, we don’t need more than two
hidden layers [36]. Therefore we test the architectures using only FFNNs with one or two hidden layers. As
activation functions, we evaluate tanh, sigmoid, ReLU, and softmax. As a training method, we use
backpropagation [37], and we use gradient descent for optimizing the weights and biases and minimize the
Average Absolute Relative Error (AARE) to a value lower than 0.02. We use the Nguyen-Widrow initialization
method [38] to initialize the weights in the proposed FFNNs. In order to create homogenous unimodal models
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that can be easily fused, all proposed architectures have a three-layer structure unique in literature: a base layer
where the features are extracted and classified, a middle layer where a features’ matrix is built based on the
classifications provided by the base layer, and a top layer where an FFNN-based structure analyses the matrix
built in the middle layer in a pattern recognition task and predicts the affective process. Because we use FFNNSs,
all proposed architectures have two phases: training and testing. In training phase, samples are provided to the
base layer where they are normalized, and a set of filters and transformations are applied, depending on the type
of analysis (face, speech or handwriting), classifying the analyzed features. The classification results are sent to
the intermediary layer, which builds the features’ matrix. In the top layer, an FFNN-based structure uses the
features’ matrix for training in order to offer the same results as the ones obtained based on the questionnaire.
The training finishes when the AARE is minimized to a value lower than 0.02 or when the training samples are
exhausted. The testing phase follows similar steps. In the base layer, the samples are normalized, and specific
transformations and filters are applied. Then the analyzed features are classified, and the classification result is
sent to the middle layer where the features’ matrix is built. A previously trained FFNN-based structure from the
top layer analyzes the matrix in a pattern recognition task and offers a result in [0;1] interval representing the
probability of occurrence for the evaluated affective process. We use a Rule-based classifier (RBC) to compute
the final result as follows: if each FFNN outputs the same result for five consecutive seconds, the architecture

outputs that result as the final result; otherwise, the RBC marks the final result as Undefined.
CHAPTER 4 — FACE FEATURES ANALYSIS

For face features analysis, we use the dynamic approach and the FACS model. From the 46 AUs from
the latest FACS revision, we analyze only AU1, AU2, AU4-AU7, AU43, and AU45 from the upper part of the
face and AU8-AU20, AU22- AU28 from the lower part of the face. To enrich the emotional information from
the cheeks area, we also analyze AU33, AU34, and AU35. The architecture is depicted in Fig. 4.1. Initially, we
establish a statistical model for the skin color using a method similar to the one presented in [38], classifying
pixels in facial pixels and non-facial pixels which are used for face detection [39]. We apply filters for noise
removal [40] and morphological operations (erosion, dilatation, and filling gaps) [41], obtaining candidate
faces. After determining the candidate faces, we evaluate the position of eyes and mouth [42] through a face
scaling method and by calculating the interocular distance. Based on the position of eyes and mouth, the face is
divided into multiple blocks. We then extract the facial features using Active Shape Models (AAM) [43]. We
use Principal Component Analysis (PCA) to produce a parameterized model that describes the faces used in the
training phase and estimates new faces [44]. Learning the correlations between the model’s parameters and the
candidate face is done using steepest descent (SD) and Jacobian matrices [43][45]. To identify the facial
features, we delimit equally sized strips centered in a predefined set of facial landmarks for each facial feature
[46]. We use Stochastic Gradient Descent (SGD), and we modify the gradient in the opposite direction until we
reach a minimum, obtaining, therefore, a set of non-rigid parameters. We use Support Vector Machines (SVM)
classifiers with six classes [47], receiving the non-rigid parameters as input and being trained to determine the
intensity of each of the 31 analyzed AUs. Evaluating the algorithm in cross-database tests using CK+ [20],
MMI [21], JAFFE [22], Belfast [24], AFEW [25], and RU-FACS [23], the proposed method classifies all AUs

with over 90% accuracy. For each frame from the video sample, each AU is classified with an intensity level
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from O to E, then normalized in [0;1] interval. Based on these classifications, in the middle layer, we build a

Face Matrix (FM), each line n in FM containing the classification results for all AUs evaluated in frame n.
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Fig. 4.1 General architecture for predicting human affective processes based on face feature analysis

For emotion prediction based on face features analysis, the optimal FFNN-based structure is comprised
of 6 FFNNs dedicated for each of the six emotions; therefore, from a facial point of view, emotions are weakly
correlated. The highest accuracy is obtained when the system is trained and tested using DSC (87.91%), while,
when we use DSC only for the training phase, and we test using DSR, the accuracy decreases with maximum
2%. We show that DSC ads more value in the training phase, which makes the system practical as the facial
expressions can be evaluated in random conditions (no emotion elicited), without a significant impact on
accuracy. In this case, considered the most practically relevant, the maximum time needed to converge to a
stable prediction is 33 seconds, significantly faster than the time required to fill in DEQ (12.1 minutes); hence,
the method can be used successfully for replacing DEQ. The highest accuracy is obtained for happiness,
followed by disgust, sadness, and surprise, while for anger and fear, the accuracy is lower than 86%. We
analyze the AUs present at high intensity when each emotion is predicted correctly, and we determine a set of
correlations between AUs and emotions which are equivalent to those from FACS [20], showing that the
architecture is robust. We use these correlations for predicting the corresponding emotions directly when the
associated AUs are present at high intensity, without being processed by the FFNN-based structure, and the
accuracy increases with up to 5%. Compared with other state-of-the-art methods, the one proposed in this thesis
offers the highest accuracy. This research was published in [48] and extended in [49] for predicting fatigue
based on facial features, as well as in [50] and [51] by fusing it with methods for analyzing body posture and

hand gestures, improving the system’s accuracy with 7% compared to when only facial features are analyzed.



For predicting FFM dimensions based on face features analysis, the optimal FFNN-based structure
contains a single FFNN which models all five dimensions. Therefore, from a facial point of view, the five FFM
dimensions are strongly correlated. We obtain the highest accuracy when DSC is used for both training and
testing phases (77.4%), while, if we keep DSC for training phase and we test the system using DSR, the
accuracy decreases with less than 0.5%. The maximum time required for predicting FFM dimensions is 150
seconds, considerably lower than the time needed for filling in the FFM questionnaire (21.2 minutes), showing
that the proposed architecture can replace the questionnaire method, also having the advantage of removing the
subjectivity usually associated with questionnaire interpretation and allowing for real-time monitoring. The
highest accuracy is obtained for Extraversion (83.5%) and Openness for experience (79.94%), while for other
dimensions the accuracy is lower than 77%. We also determine a set of correlations between FFM dimensions
and analyzed AUs, in the first study of this kind in the literature. Integrating these correlations leads to an
increase in accuracy of up to 9%. Comparing other state-of-the-art methods with the proposed architecture, we
obtain over 5% higher accuracy than the method based on Exaggeration Mapping (EM) [52] and the system
based on Artificial Neural Networks (ANN) [53], reaching similar accuracy to the method based on CERT [54].
This research was published in [55] and extended in [56] for predicting the Sixteen personality factor (16PF).

For predicting temperament based on face features analysis, the highest accuracy is obtained when we
use dedicated FFNNSs for each of the five temperament types. Hence, the temperament types are not correlated
from a facial point of view, analyzing them together, leading to a decrease in accuracy. We obtain the highest
accuracy of 80.78% when we use DSC in the training as well as testing phases, the accuracy decreasing with
over 13% when DSR is used for both phases. By keeping DSC only for the training phase, the accuracy
decreases by less than 1%. The maximum time needed for predicting the temperament type is 95 seconds,
significantly faster than the time needed to fill in the FIRO-B questionnaire (14.1 minutes). The sanguine
temperament is predicted with the highest accuracy (85.12%), followed by supine (83%), and melancholic
(80.9%) temperaments. We identify, in a first study of this kind in literature, a set of correlations between
temperament types and FACS AUs. By modifying the proposed architecture to integrate these correlations, we
obtain an increase in accuracy of 7%. We compare the proposed architecture with the ANN-based system
described in [53], and we observe that our method offers an accuracy of up to 5% higher.

For predicting emotional states based on face features analysis, the optimal FFNN-based structure
contains a single FFNN modeling all three emotional states which shows that they are strongly correlated from
a facial point of view. The highest prediction accuracy is obtained by using DSC for both training and testing
phases: 81.47% (stress), 79.83% (depression), and 68.65% (anxiety). Similar to the previous architectures, if we
maintain DSC for training phase and we use DSR for testing phase, the accuracy decreases with less than 2%,
therefore inducing emotions is needed only for training, while for testing the system, frontal face video
recordings collected in non-emotion eliciting conditions are as efficient as those collected when emotions are
induced. The highest accuracy for all three emotional states is obtained for the Normal and Extreme Severe
levels, while for the intermediary levels (Mild, Moderate, and Severe), the accuracy is lower and they are most
often mistaken with their neighboring levels. Therefore, the proposed architecture offers the possibility of
determining if a subject suffers from extreme depression, anxiety or stress, but, for a better assessment of the
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actual severity of the emotional state, other methods need to be explored, such as including other AUs or
multimodal analysis. The maximum time required for predicting the three emotional states is 64 seconds,
significantly faster than the time needed for filling in the SAQ. The proposed architecture could replace SAQ if
the prediction accuracy for the intermediary levels is improved. We also conduct the first study in the literature
that identifies correlations between analyzed AUs and the three emotional states. By modifying the architecture
to integrate these correlations, the accuracy increases with up to 5%. For predicting stress, the proposed
architecture offers higher accuracy than other state-of-the-art methods on both MENTAL and ANUStressDB
[26] databases. For predicting depression, the proposed architecture provides a 1.5% higher accuracy compared
with the method based on Local Binary Patterns in Three Orthogonal Planes (LBP-TOP) and SVM [57]. This
research was published in [58].
CHAPTER 5 — SPEECH FEATURES ANALYSIS

Although largely used in the last decades, analyzing speech is still a complex task because of its linguistic
and semiotic variance, as well as that related to emotion or other affective processes [59], but also because of
noise and reverberation, most architectures being tested using neutral utterances, recorded in the studio [59], in
the absence of these conditions the results being significantly less efficient. The problem of choosing the right
set of features from a broad spectrum of possible speech features is often complicated and done through TAE.
Because of all these reasons, analyzing speech features for predicting affective processes is difficult.

As they are largely used in similar research papers [59], but also considering their robustness and the fact
that they can be classified with high accuracy using computationally inexpensive methods, in this thesis we use
the following speech features: pitch contour (number of peaks per second - PMAXCOUNT, median —
PMAXAVG, variance — PVAR, gradient — PGRAD), intensity contour (number of peaks per second —
IMAXCOUNT, median — IMAXAVG, variance — IVAR, gradient — IGRAD), Speech rate (SR), Pause rate (PR),
Zero-crossing rate (ZCR), short-time energy (position, average value — EAVG, standard deviation — ESTDEV),
jitter (JIT), shimmer (SHIM), fundamental frequency (FF), and 33 MFCC coefficients (MFCCO — MFCC32).
Fig. 5.1 depicts the structure of the base and middle layers. All architectures proposed in this chapter are based
on these two layers, the difference consisting in the FFNN-based structure from the top layer. The base layer
has the purpose of acquiring the speech signal representing the utterance and classifying a set of speech
features. It is divided into three blocks. In the normalization block we use spectral subtraction for noise
reduction [60], then we normalize the energy using Cepstral Mean Normalization (CMN) with Bayesian
networks [61] and, finally, we normalize pitch using the method based on semitones [62]. We also use the
methods published in [63], [64], and [65] for enriching the speech signal. In the utterance-level speech feature
analysis block we analyze the last 7 seconds of the utterance every time a new frame is provided as input, the
speech features analyzed in this block being: PMAXCOUNT, PVAR, PGRAD, IMAXCOUNT, IVAR, SR, PR,
STE, EAVG, ESTDEV, JIT, SHIM si FF. In frame-level speech feature analysis block, we classify the
following features for each new frame provided as input: PMAXAVG, IMAXAVG, ZCR, JIT, SHIM, MFCCQO, ...,
MFCC32. Therefore, for each frame from the utterance, we classify 50 speech features, and these are provided
to the middle layer where the Speech Matrix (SM) is built, containing the normalized values for each feature in

the current frame. When we have 30 new unprocessed rows in SM (corresponding with 30 new frames), these
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are provided to the top layer which analyzes them in a pattern recognition task for predicting the analyzed

affective process.
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Fig. 5.1 General architecture for predicting human affective processes based on speech features analysis

For predicting emotions based on speech features analysis, the optimal FFNN-based structure contains a
single FFNN used for predicting all six emotions. Compared with face features analysis where emotions are
discrete and independent, from a speech point of view, the emotions are strongly correlated. We obtain an
accuracy of 80.75% when the system is trained and tested using DSC and results 12% lower when we use only
DSR for both training and testing phases. If we keep DSC for training phase, and we test the system using DSR,
the accuracy decreases with less than 1.5%. The maximum time needed for predicting emotion is 78 seconds,
significantly faster than the time needed to fill in DEQ (12 minutes), making the proposed architecture
attractive for replacing the questionnaire, with the advantage of being suitable for real-time use. We obtain the
highest accuracy for happiness (88.1%), sadness (81.8%), fear (80.5%), and anger (77.6%). For the first time in
literature, we identify a set of correlations between emotions and the analyzed speech features which, used to
enhance the architecture, lead to an increase of accuracy of up to 6%. Comparing the proposed architecture with
other methods in the literature, we obtain an accuracy higher than the methods based on Particle Swarm
Optimization (PSO) [66], Gaussian Mixture Models (GMM) [67][68], ANN and Hidden Markov Models
(HMM) [69], SVM and K-Nearest Neighbors (KNN) [70], as well as Biogeography-based Optimization (BBO)
and SVM [71]. Compared to the method based on Multi-scaled Sliding Window (MSW-AEVD) and HMM
[72], our method offers better results except for the case where SALAS database is used, when the proposed
architecture offers a lower accuracy, mainly because the method proposed in [72] is evaluated exclusively using
induced emotions, while SALAS database contains only utterances collected in these conditions. This research
was published in [73].

For predicting FFM dimensions based on speech features analysis, the optimal FFNN-based structure

contains a single FFNN for predicting all five FFM dimensions, similar to the facial features analysis, which



shows that from a speech perspective the five FFM dimensions are also strongly correlated. We obtain an
accuracy of 76.1% when DSC is used for training and testing phases, while, if we keep DSC for the training
phase and we test using DSR, the accuracy decreases with less than 2%. The highest accuracy is obtained for
Extroversion (78.4%), followed by Openness for experience (77.2%) and Agreeableness (76.3%). The
maximum time needed for prediction is 120 seconds, a lot faster than the FFM questionnaire (21.1 minutes).
Therefore, the proposed architecture can replace the FFM questionnaire and can also be used for real-time
monitoring. We also determine a set of correlations between speech features and FFM dimensions, unique in
literature, which leads to an increase in accuracy of up to 7%. Compared with other state-of-the-art methods,
the proposed architecture offers a higher accuracy than the method based on linear kernel SVM [74], but the
methods based on Wavelet transform with Convolutional Neural Networks (CNN) [75] and Frequency-domain
linear prediction based on SVM [76] offer an accuracy with 0.7% and 3.7% higher.

For predicting the temperament type based on speech features analysis, the optimal FFNN-based
structure is comprised of five dedicated FFNNs for each temperament type, showing that, similar to the face
features analysis, temperament types are weakly correlated. The highest accuracy (79%) is obtained when the
system is trained and tested using DSC, while, if we keep DSC for the training phase and we test the system
using DSC, the accuracy decreases with less than 4%. Therefore, DSC is essential only for the training phase,
while, for testing, we can use utterances collected in random conditions, showing that the proposed architecture
is practical. The maximum time needed for predicting with high accuracy the temperament type is 78 seconds,
significantly lower than the time needed to fill in the FIRO-B questionnaire, making the proposed architecture
attractive for replacing the questionnaire-based method, with the advantage of being faster, more practical, and
removing the subjectivity associated to questionnaire interpretation. We obtain the highest accuracy for
sanguine and melancholic temperaments. For each temperament type we identify, for the first time in literature,
sets of speech features to which they are are correlated and, by modifying the proposed architecture to use these
correlations, the accuracy increases with up to 7%. Compared with other state-of-the-art methods, the proposed
architecture offers the highest accuracy.

For predicting emotional states based on speech features analysis, the optimal structure has only one
FFNN which evaluates all three emotional states, similar to the face features analysis. The highest accuracy is
obtained when DSC is used for both training and testing phases: 86,3% (depression), 81,6% (anxiety), and
83,3% (stress). When we use DSC for the training phase and DSR for the testing phase, we obtain a decrease in
accuracy of only 2%. The highest accuracy is obtained for the Normal and Extreme Severe levels, while for
intermediary levels the accuracy is significantly lower and these are most often mistaken with the neighboring
levels. The maximum time needed for predicting the three emotional states is 96 seconds, faster than the time
needed to fill in SAQ. The proposed architecture could replace SAQ if the prediction accuracy of intermediary
levels is improved. For the first time in literature, we determine a set of correlations between DASS levels and
the analyzed speech features which we integrate into the proposed architecture, leading to an increase in
accuracy of 3%. Comparing the proposed architecture with other state-of-the-art methods, we obtain the highest
accuracy for stress prediction, while, for depression, methods based on ANN and SVM [77] or Dynamic
Convolutional Neural Networks (DCNN) [78] offer a higher accuracy.
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CHAPTER 6 — HANDWRITING FEATURES ANALYSIS

Creating systems that are capable of recognizing affective processes automatically based on handwriting,
without needing a human observer or assessor, could provide graphology the relevance needed to be a field
studied with more confidence [79]. These systems could prove useful for psychological analysis and diagnosis
in both the psychology field [80], as well as medicine [81]. During a standard graphological analysis, experts
analyze handwriting to determine a set of features, each containing information related to the emotional state,
personality traits as well as other psychological aspects related to the writer [82]. The main handwriting
features and those used in this paper are presented in Fig. 6.1 [83], alongside the structure for the base and
middle layers used for the architectures proposed for handwriting features analysis.

The base layer has the main purpose of converting the scanned image containing the handwritten exemplar
in a set of handwriting features identified based on a set of classification scores. The normalization block is
responsible with noise reduction (for which three filters are used: boolean filter [83] for removing texturized
background, a ramp width reduction filter for sharpening, and an adaptive unmask sharping filter for contrast
adjustment [84]), contour smoothing for reducing possible errors caused by the unwanted movement of
subject’s hand while writing and for which we use the optimal local weighted averaging method [85], image
compression for which we use the integral modified histogram [86], and isolating the handwriting through
white space thinning method [87]. For line-level segmentation and analysis, we use the Vertical Projection
Profile (VPP) method [88]. The spacing between lines feature is classified by determining the number of pixels
that overlap between two bounding boxes delimited for two consecutive lines. The baseline feature is
determined using the method described in [89] by studying the pixel density in each box that bounds a
segmented line, and by rotating the box until the highest pixel density is centered horizontally. The pen
pressure feature is determined using grey-level thresholding [90], analyzing values from the spectrum of the
bounding box that delimits the analyzed line and computing the average for the segmented line. For word-level
segmentation and analysis, we generate VPP [88] to determine the pixel density for each vertical column, and
we identify the columns with the lowest density, these being possible inter-word spaces [88]. For letter slant
feature we use the technique detailed in [90], calculating the probability density function of vertical pixels for
different angles and for each column in the histogram determining the number of pixels and dividing it to the
highest and lowest pixel from the analyzed word segment, the values from these columns being summed up and
the angle where the calculated sum is the highest representing the letter slant. For letter-level segmentation,
for each delimited word, we use Stroke Width Transform (SWT) to determine the median height of the strokes
and we create a VPP for the word segment by determining the columns where the projected value is lower than
8% from the maximum projected value of the analyzed word (threshold determined through TAE). For letter
connection feature we use the algorithm for letter segmentation anteriourly described, and we compare the
width of each stroke connecting two bounding boxes of two consecutive letters with the average width of the
strokes in the word. For the lowercase letter “¢” and lowercase letter “‘f” features we use template matching
(TM), and we compare each letter with a set of predefined models from MNIST database [91], classifying the
matching using Euclidean similarity [90].



Applying the methods described previously, each handwriting feature is classified with an accuracy higher
than 90%. The base layer offers classification scores for each handwriting feature, normalized in [0;1] interval.
For each letter in the handwritten exemplar, the classification scores obtained for each feature are provided as

input to the middle layer and are stored in a new line in the Handwriting Matrix (HM).

Page Handwriting Map (HM)

margins line line
n_n#l

Spacin_g Page margins | 0,3 04
between lines

Spacing between
lines

0,202

| Baseline
= [ predicted
8 > e 0 |gq1 |70 unﬁ;oet;essed affective
o p Pen pressure I
\ ) B 5 | in SM process
7 g Pen pr 0403 .
- =
/_ g : > % > ‘J)
g E § Word slant|
handwritten exemplar E o —|_+ Word slant 05l os Neural network-based
2 2 R e structure
H = -
& z Connection
iz c between — [, Connection ol o
E 2 letters between letters
g £
g 0 @
o £ Lowerc"afe Lowercf?:e letter 0906
S 2 letter "t t
= ; -L 1
owercase letter
ki Lowercase | [T g 00
letter "f"
i 1t
base layer middle layer top layer

Fig. 6.1 General architecture for predicting human affective processes based on handwriting features analysis
For predicting emotions based on handwriting features analysis, the optimal FFNN-based structure is

obtained when we use a single FFNN to model all six emotions. From a graphological point of view, emotions
are not discrete, analyzing them in a correlated manner leading to higher accuracy. The highest accuracy is
obtained when DSC is used for both training and testing phases (68.83%), and, similar to previous
architectures, we observe a decrease of 1.5% accuracy when DSC is maintained for training phase, and DSR is
used for testing the architecture, showing that handwritten exemplars with predefined text are needed only for
training, while end-users can write a freely chosen text without significantly impacting the performance of the
system. The time needed to predict the subject’s emotion accurately is 9 minutes, lower than the time necessary
to fill in the DEQ questionnaire. Hence, the architecture can replace the questionnaire method if the prediction
accuracy is improved. We obtain the highest accuracy for sadness (72.92%), followed by happiness (71.49%),
other emotions being predicted with an accuracy lower than 70%. We determine, for the first time in literature,
a set of handwriting features that are associated with each of the six emotions. Modifying the architecture to
integrate these correlations leads to an increase in accuracy with 6%. We use MENTAL to test other state-of-
the-art methods, results showing that the proposed architecture offers similar results. This architecture was
published in [93] where it was used for predicting blood pressure based on handwriting, reaching a prediction
accuracy of over 90%.

For predicting FFM dimensions based on handwriting features analysis, the optimal FFNN-based
structure uses a single FFNN for predicting all five dimensions. The highest accuracy is obtained when DSC is
used for both training and testing phases (82.34%). The accuracy decreases with less than 2% when DSC is
used for the training phase and DSR for the testing phase, showing that exemplars with predefined text are vital

only for training the system. The highest accuracy is obtained for Openness for experience (84.6%), followed
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by Extraversion (83.58%), and Neuroticism (82.39%). The maximum time needed for predicting FFM
dimensions is of approximately 8 minutes, faster than the FFM questionnaire, and, hence, making the proposed
architecture suitable for replacing the questionnaire-based method. We identify a set of correlations between the
five FFM dimensions and the analyzed handwriting features which are unique in literature. By integrating these
correlations in the proposed architecture, the accuracy increases with up to 6%. We use MENTAL for testing
different state-of-the-art methods, and we show that the proposed architecture offers the highest accuracy in the
literature, the only method that achieves similar results being the one based on a combination of SVM,
AdaBoost and KNN classifiers [94]. The research was published in [95] and extended in [96] for predicting the
Myers-Briggs type indicator, as well as in [97] by fusing the FFNN-based method with SVMs, improving the
accuracy with up to 2%.

For predicting temperament type based on handwriting features analysis, the optimal structure is one in
which FFNNSs dedicated for each of the five temperament types are used. From a graphological point of view,
similar to the results obtained when analyzing face and speech, temperament types are weekly correlated. We
obtain the highest accuracy when DSC is used for both training and testing phases (81.7%). Similarly, we
observe a decrease in accuracy of only 4% when DSC is maintained for the training phase, and DSC is used for
testing. The time needed for accurately predicting the temperament type is 7 minutes, lower than the one
needed for filling in the FIRO-B questionnaire. The proposed architecture is, therefore, faster and more efficient
than the standard questionnaire, and can be successfully used for replacing it. We obtain the highest accuracy
for supine, sanguine, and melancholic temperament types. We determine, in this case as well, for the first time
in literature, a set of correlations between analyzed handwriting features and temperament types which lead to
an accuracy increase of 6%. We use MENTAL to test other state-of-the-art algorithms, and we show that our
proposed architecture offers the highest accuracy.

For predicting emotional states based on handwriting feature analysis, the optimal structure uses only
one FFNN for modeling all three emotional states. Hence these are strongly connected from a graphological
point of view, confirming previous studies that identify this possible connection [98]. The highest accuracy is
obtained when DSC is used for both training and testing phases: 82.69% (depression), 79.84% (anxiety), and
81.53% (stress). If we use DSC only for training and we test the system on DSR, the accuracy decreases with
less than 2%. Therefore, subjects can freely choose the text they write, the system offering results as precise as
when the handwritten samples contain a predefined text on which the architecture was anteriourly trained. We
obtain the highest accuracy for Normal and Extreme Severe levels, while, for intermediary levels, the accuracy
is significantly lower. The maximum time needed for prediction is 10 minutes, faster than filling in the SAQ,
offering also the possibility of monitoring the three emotional states at any given moment in time without the
need of psychologists, also removing the subjectivity associated with SAQ. We identify, for the first time in
literature, a set of correlations between the analyzed handwriting features and the three emotional states. By
integrating these correlations in the proposed architecture, the accuracy increases with 3%. We compare the
proposed architecture with the method based on Random Forest Models (RFM) [33] using MENTAL and
EMOTHAW databases. We observe that the proposed method offers higher accuracy than the RFM-based one
in both cases, proving to be robust as we obtain consistent results on two different databases.
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CHAPTER 7 — MULTIMODAL ANALYSIS

In previous chapters, we evaluated the possibility of predicting different human affective processes based
on several unimodal analyses, studying the face, speech, and handwriting features. In this chapter, we aim to
identify the optimal ways in which the previously described unimodal architectures can be fused to improve the
prediction accuracy and make such architectures more attractive for day to day use, as well as for replacing the
specific questionnaires which have the main advantage of being often prone to bias. Because we aim for a real-
time prediction, the handwriting features are used only for improving the prediction accuracy of the other two
modalities (face and speech) because acquiring and evaluating handwriting cannot be done in the same time as
face and speech analysis. As we showed, handwriting features offer high accuracy for predicting personality
traits and temperament types, so we use a handwritten exemplar collected from them analyzed subject for
determining a set of behavioral parameters stored in a vector called Behavioral Stamp (BS) and which are used
to weight the results from the other two modalities. Therefore, we propose five types of fusion: feature-level
fusion for face and speech (FLF-FS) by using a FFNN or set of FFNNs to analyze the combined vector of
face and speech features, feature-level fusion for face and speech with behavioral stamp (FLF-FS-BS) in
which we use FLF-FS and we add an additional layer in which the results provided by FLF-FS are weighted
based on a BS provided by another FFNN, previously trained on exemplars collected from multiple subjects
and which receive as input an exemplar handwritten by the analyzed subject, score-level fusion for face and
speech (SLF-FS) which computes the maximum of the two scores provided by the two unimodal architectures,
score-level fusion for face and speech with behavioral stamp (SLF-FS-BS) in which we modify SLF-FS by
calculating the weighted maximum of the scores provided by the two unimodal analyses, the weights being
provided by the BS generated by a pre-trained FFNN which analyses a handwritten exemplar from the current
subject, and decision-level fusion for face and speech which is activated if, for 5 consecutive seconds, the
predictions provided by the two unimodal architectures (for face and speech analysis) offer the same result.
Otherwise, the result is marked as Undefined. The fusion techniques based on Behavioral Stamp are unique in
literature, being first presented in this thesis.

For predicting emotion based on multimodal analysis, the highest accuracy is obtained when we use
FLF-FS-BS, the handwriting features adding over 5% more accuracy compared to FLF-FS, which shows that
BS ads value to the emotion prediction accuracy. The optimal FFNN-based structure contains a common FFNN
with a single hidden layer, having tanh as the activation function for the hidden layer and sigmoid for the output
layer. This FFNN has 2430 input nodes and six output nodes normalized in [0;1] interval and representing the
predicted emotion. The optimal number of neurons determined through TAE is 980, the optimal learning rate is
0.2, the optimal momentum is 0.03, and 25000 epochs are needed for training. The optimal configuration for
the FFNN used for determining BS contains one hidden layer with ReL U as activation function and sigmoid as
the activation function for the output layer. The optimal number of hidden neurons determined through TAE is
230, the optimal learning rate is 0.2, the optimal momentum is 0.04, and we need 12000 training epochs. As in
the case of unimodal analyses, the highest accuracy is obtained when DSC is used for both training and testing
the system: 91.84%. The accuracy decreases with less than 1.5% when we keep DSC for training the system,

and we test it using DSR. The end-user only needs to provide a handwritten exemplar once to calibrate the
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system, while any subsequent assessment of his/her emotion can be done in random conditions without
significantly impacting the accuracy. We need, on average, 94 seconds for predicting with high accuracy
subject’s emotion (90.46%), substantially faster than the time needed for filling in the DEQ questionnaire,
making the system suitable for replacing the questionnaire-based method, as well as offering the possibility of
monitoring the subject in real-time with high accuracy. We obtain the highest accuracy for sadness (92.84%),
followed by happiness (91.84%), surprise (90.12%), and disgust (90.03%). We determine that the accuracy is
now balanced across each emotion compared to the unimodal architectures, which shows that FLF-FS-BS grips
the emotionally-relevant features from each modality to provide robust and precise results. The correlations
determined in this case between the analyzed features and emotions are similar to those obtained through
unimodal analyses, enhancing the idea that the proposed architecture is robust. By using these correlations to
improve the architecture, we obtain an accuracy of over 91%. Comparing state-of-the-art methods with the
proposed architecture on different databases using FLF-FS (as other databases don’t contain handwritten

exemplars), we observe that our method offers an accuracy higher than all other architectures in literature.
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Fig. 7.1 Emotion prediction based on multimodal analysis
For predicting FFM dimensions based on multimodal analysis, the optimal fusion method is SLF-FS-

BS. The optimal FFNN for generating BS has two hidden layers, tanh as the activation function for the two
hidden layers, and sigmoid for the output layer. The optimal number of neurons determined through TAE is 55
for the first layer and 35 for the second layer, the optimal learning rate is 0.02, the optimal momentum is 0.02,
and we need 12000 training epochs. A bias is needed in the second hidden layer. The highest accuracy is
obtained when DSC is used for both training and testing the system (88.7%), while, by using DSC for training
and DSR for testing, the accuracy decreases with only 4%, showing, in this case as well, that the architecture is
practical. The time needed for accurately predicting FFM dimensions is 115 seconds, significantly lower than
that required for filling in the FFM questionnaire (21.2 minutes). Hence the architecture is fast and suitable for
real-time monitoring. The highest accuracy is obtained for Extraversion (90.25%), followed by Openness to

experience (86.51%), and Agreeableness (86.57%). We determine correlations similar to the ones obtained
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through unimodal analyses, showing that the proposed architecture is robust. By using these combinations of
face and speech features to optimize the proposed architecture, the accuracy increases with 5%. We test the
proposed architecture in comparison with other state-of-the-art methods on the MENTAL database, and we
show that our method offers the highest accuracy, 4% higher than the most accurate method in literature based
on ANN with score level fusion (SLF) [112].
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Fig. 7.2 FFM dimension prediction based on multimodal analysis
For predicting temperament type based on multimodal analysis, the most accurate fusion method is

SLF-FS-BS, similar to the multimodal architecture for predicting FFM dimensions. For generating the BS, the
optimal FFNN has two hidden layers, with sigmoid as the activation function for the first hidden layer and the
output layer, and tanh for the second hidden layer. The optimal number of hidden neurons is 65 for the first
layer and 65 for the second layer, the optimal learning rate is 0.3, the optimal momentum is 0.02, and 8000
training epochs are required. The highest accuracy is obtained when DSC is used for both training and testing
phases (90.41%), with 1.2% lower than when we keep DSC for training and DSR is used for testing the system,
showing that inducing the emotion is necessary only for training the system, while testing can be done in
naturalistic conditions without degrading system’s accuracy. The maximum time needed for predicting the
personality type is 117 seconds, considerably lower than the time needed for filling in the FIRO-B
questionnaire (14.2 minutes). Being fast and accurate, the proposed architecture can be successfully used for
replacing the FIRO-B questionnaire. We obtain an accuracy of over 85% for all five temperament types, the
highest being obtained for sanguine (92.11%), followed by melancholic (91.17%), and supine (90.64%)
temperament types. The correlations identified in this case are equivalent to those obtained through unimodal
analyses, showing that the proposed architecture is robust. Using these correlations, the accuracy increases with
up to 5%, all temperament types being predicted with over 90% accuracy. Compared with other methods in the
14



literature, the proposed architecture offers an accuracy 9% higher than the best state-of-the-art method for

assessing the personality type based on the multimodal analysis.
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Fig. 7.3 Temperament type prediction based on multimodal analysis
For predicting the emotional states based on multimodal analysis, the optimal fusion method is DLF-FS.

The handwriting features do not contain additional information compared to that provided by the other two
modalities (face and speech), an optimal structure being one that analyzes only the face and speech features,
without taking into account handwriting features. The highest accuracy is obtained when DSC is used for both
training and testing phases: 91.58% (depression), 90.2% (anxiety), and 90.48% (stress). If DSC is maintained
for training and DSC is used for testing, the accuracy decreases with less than 1.5%. All DASS levels are
predicted with an accuracy of over 89%, which shows that fusing the two features solves the problem
encountered in the case of unimodal analyses where predicting intermediary levels was done with a
significantly lower accuracy compared to extreme levels. By analyzing the classification results from FM and
SM when the three emotional states are predicted with high accuracy, we obtain correlations similar to those
obtained through unimodal analyses, showing that the proposed architecture is robust. Using these correlations
between speech and face features and the three emotional states, the accuracy is improved with up to 4%, all
three emotional states being predicted with over 93% accuracy. We compare the proposed architecture for
depression prediction with the method based on FLF through Linear Regression Classifiers (LRC) [113] and
that based on Space-Temporal Interesting Point (STIP) [114] on MENTAL and AVEC2014 [27] databases.
Results show that our proposed architecture offers the highest accuracy in literature for depression prediction

through multimodal analysis.
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Fig. 7.4 Emotional state prediction based on multimodal analysis

CONCLUSIONS

In this thesis, we conduct a series of studies in which we analyze the possibility of predicting emotions,
personality traits, temperament types, and emotional states through unimodal architectures (face, speech or
handwriting) as well as by fusing the three modalities in a multimodal architecture, determining the optimal
ways in which these modalities can be analyzed to ensure high accuracy, sensibility, and specificity. All
proposed architectures are unique in literature and are based on different configurations of FFNNs, one of the
purposes of this research being to determine the ideal neural network configuration and the optimal fusion
method, alongside the main purpose of building a system capable of recognizing with high accuracy and in a
timely manner human affective processes, using exclusively non-invasive methods. Each of these architectures
is tested using intra-subject and inter-subject methodologies and in both cases we observe that the dataset
containing emotion stimulated samples or predefined handwritten text are vital only for training the
architecture, while, if it is used for testing, the accuracy is not significantly different than the one obtained using
a random dataset, which shows that the proposed architectures are practical, as the analyzed subject doesn’t
have to watch emotion-inducing videos or write predefined texts for the affective process to be predicted, the
system only needs to be pre-trained on such samples. We also propose two unique fusion models for the face
and speech modalities based on Behavioral Stamp generated using the handwriting features which are unique in
literature. In the multimodal analysis, we build an architecture for predicting emotions using a unique feature-
level fusion method for face and speech by infusing the handwriting modality through BS, offering an accuracy
of 90.46% (3% higher compared to other state-of-the-art methods) and a processing time of 94 seconds which
makes this architecture suitable for replacing the DEQ questionnaire. We also build an architecture for

predicting FFM dimensions and temperament type based on an unique score-level fusion for face and speech
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modalities by infusing the handwriting features through BS, obtaining 84.71% accuracy for predicting FFM
dimensions (4% higher than other state-of-the-art methods) with a processing time of 115 seconds and 88.85%
accuracy for predicting temperament type (6% higher than other state-of-the-art methods) with a processing
time of 117 seconds. These architectures can successfully replace the FFM and FIRO-B questionnaires. For
predicting DASS levels, we show that decision-level fusion for face and speech modalities is optimal, obtaining
over 90% accuracy for all three emotional states and all their levels, with a processing time of 112 seconds, also
being suitable for replacing SAQ. This thesis also contains the first study in literature that determines the
relation between the analyzed features and the evaluated human affective processes, obtaining correlations that
are used to improve the accuracy of the proposed architectures, leading to an increase of up to 2% for emotion
prediction, 5% for FFM dimensions and temperament prediction, and over 3% for DASS level prediction.

The proposed architectures also have a large spectrum of applications, besides replacing the standard
questionnaires. The architectures for predicting emotions can be successfully integrated into any human-
computer interface with face or speech interaction, as well as in applications for professional or personal
development or virtual psychologist to monitor the subjects’ emotional patterns and offer personalized advice
[115]. Also, the architectures can be used in computer-mediated education software where the tutor can
evaluate the emotional state of his/her students and can adapt the presentation to improve the learning rate
[116]. The car’s or airplane’s computerized system can also use such architectures by analyzing the facial
expressions or speech of the driver or pilot and take preventive measures to ensure their and the passengers’
safety [117]. Knowing the fact that the emotional patterns of a subject can be associated with different mental
disorders [118] or physical diseases [119], the proposed architecture can be used to analyze and monitor them
in real-time. Also, the architecture could help people suffering from autism to integrate in society by helping
them recognize emotions in others [120]. Of course, the proposed architectures can be useful in forensic
departments to evaluate suspects’ emotions and determine the perpetrator [59]. They can also be used to
personalize web sites or for online advertising based on subjects’ emotions [121]. Last but not least, facial
expressions can be used to make the face recognition systems immune to spoofing attacks, as we showed in
[117]. The architectures proposed for predicting FFM dimensions can be used to determine people who are
suffering from substance use [13] or those that are suffering from chronic physical diseases, such as heart
disease, cancer, diabetes or respiratory diseases which are correlated with different FFM dimensions patterns.
Given the correlations between FFM dimensions and learning types, the architectures can also be used to adapt
the course material to the student’s learning type. The architectures proposed for predicting temperament can be
used for efficient team building, as well as for career counseling and professional development [15]. The
architectures proposed for determining the levels of anxiety, depression or stress can be used for psychological
profiling of employees [16], adaptive learning [17], as well as diagnosing physical diseases that have as
symptoms different patterns of these emotional states [18].

We observe that some of the described architectures offer a high accuracy which makes them suitable for
being used in the applications mentioned previously, others require drastic improvement of their prediction
ability before being released for practical use. In future studies, other AUs alongside the 31 that are analyzed in
this thesis can be included, as well as the body position or hand gestures that can carry relevant information to

17



allow for an increased prediction accuracy (as we showed in [50] and [51]). Similarly, we can include more

speech or handwriting features. The context in which the samples are collected can be changed to improve the

accuracy of some of the analyzed affective processes, such as Agreeableness, which manifests in social

contexts which are not considered in the proposed database. Other methods based on other types of neural

networks (CNN or RNN) or other algorithms (SVM or HMM) can be evaluated separately or fused with the

methods proposed in this thesis to increase prediction accuracy and reduce processing time.
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