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ER with Physiological Signals



Emotional Relevant Features of Physiological Signals

ECG: Electrocardiography,. ‘
EEG: Electroencephalography

EOG: Electrooculography e 3

EMG: Electromyography

GSR: Galvanic skin response . o rersins
Temperature iG

BVP: Blood volume pulse R |

RSP: Respiration —f\:/:/\—
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distribution of ER studies based on different physiological signals

Multimodal (Combination) Respiration

EMG (Muscle Activity)

EEG (Brain Waves) GSR (Skin Conductance)

ECG (Heart Activity)
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distribution of ER studies based on different DL architectures

GANs (Generative Adversarial Networks)

Hybrid Models
Transformer-based

LSTM (Long Short-Term Memory)

CNN (Convolutional Neural Networks)

RNN (Recurrent Neural Networks)
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Best Practices for Emotion Recognition Using Physiological Signals

Use High-Quality Sensors

Choose Appropriate Sighals: EEG for brain-related emotional responses, ECG or
heart rate variability (HRV) for arousal levels, GSR for stress or excitement etc.

Standardized Data Acquisition
Reduce Noise & Artefacts

Multi-Modal Data Fusion: Combine multiple signals (e.g., EEG + GSR +
ECG) for better accuracy rather than relying on a single modality.

Consider Contextual Factors: Emotional states can be influenced by
external factors like environment, individual differences, and cognitive load.
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BP for ER: Feature Extraction

Baseline Correction: Normalize signals by considering baseline readings
before stimuli exposure.

Data Segmentation: Extract meaningful time windows from continuous
signals for analysis.

Time-Domain Features: Mean, standard deviation, RMS, and peak-to-peak
amplitude (useful for ECG, EMG).

Freqguency-Domain Features: Power spectral density (PSD) analysis for EEG
(alpha, beta, gamma bands).

Time-Frequency Features: short-time Fourier transform (STFT) and Wavelet
Transform for non-stationary signals.
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BP for ER: Models and Learning Strategy

* Choose the Right Model: cNNs (spatial), RNNs (temporal), Transformers
(capturing global dependencies)

* Training with Balanced Data: Avoid class imbalance issues using data
augmentation or oversampling techniques.

* Cross-Validation: Use k-fold cross-validation to evaluate model performance
effectively.
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BP for ER: Interpretation & Real-World Implications

* Personalization: Adapt models to individual differences
* Explainability: Use interpretable Al techniques

e Ethical Considerations: Ensure privacy, consent, and responsible use
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Example: DL model with EEG

Surpslved
Elated

e Dataset: DEAP

Distressed
Dataset DEAP

Participants 32 Anxious Excited gy Satisfied

Sensory input signals: EEGs, EMGs, 44
EOGs, GSR, RR, Plethy, Temperature 32,4,4,1,1,1,1

Stimulation Music video clips

Stimulation duration 1-minute

Number of stimulations per participant 40

Emotions 40 emotions based on the Arousal-Valence map
Supplementary data Face videos

= 4 ~ 2 5
Familiarity 1 Participant Valence Participant

Participant-Arousal Participant-Familiarity. Participant -Valence
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Models

Methodology

Signal fragmentation
Read DEAP ] and two-dimensional
dataset J

Feature preparation

Model performance
evaluation in XAl
framework

Data analysis and
visualizations

v

[ CNN-RNN model for Classification }

CNN only

L Layer
Model Input Convolution Fully connected (FCfirst, Classification
First Csecond I:Cseond)
Data dimensions Convolution Convolution type = Node count = 64, 32 Label count =2
= 12803576803 40 type = one- one-dimensional Activation =Tanh, Tanh Activation =
(samples, time, channels) dimensional Filter count = 64 Dropout fraction = 0.15, SoftMax
= 32 participants, 40 videos, 60 glzlter count = ii:’nealt's(l;le :'I?:r?r? 0.15
ivation =
seconds, 40 channels Kernel size = Pooling = 2
0] 1000 Dropout fraction = 0.15
L Pooling =2
; Activation =Tanh
5 Dropout fraction =
0.15
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RNN only

Layer
Model | Input Fragmentation Recurrence Fully connected Classification
Stage 1 Stage 2 (FCrirst,
Data dimensions Fragment the input 16 RNNSs, one for 1 RNN to Node count Number of
= signal into 16 small | each signal combine the =32 labels: 2
12805 76805 40 (samples, segments, vyith each | segment previous stage Activation Activation:
time, channels) segment being 500 Recurrence cell 16 outputs =Tanh Softmax
_ 32lpa rticipants, 40 steps long. type = LSTM from individual Drop_out
videos. 60 SECOH(,IiS 40 Number of Cell length = 500 RNNSs fraction =
channéls ' fra_gments = 1_6 Number of filters = | Recurrence cell 0.15
(with padded input 4 type = LSTM
signal) Recurrence Cell length = 16
Fragmented signal activation = Number of filters =
length = 500 Sigmoid 10
Output activation = | Recurrence
Tanh activation =
Signal flow: Sigmoid
Bidirectional. Output activation =
Architecture Tanh
) strategy = Many to | Signal flow:
L one Bidirectional.
= Architecture
E strategy =
Many to one




CNN-RNN only

Input signal Fragmentation stage Convolution stage 1: 2D convolution + | Convolution stage 2: 2D Concatenation Recurrence stage: LSTMs Classification stage
shape 2D Pooling convolution (For each of the 10 Concatenate all 10
(For each of the 10 fragments) fragments) fragments
Configuration Output shape | Configuration Output shape | Shape: 10%40 (10 being Configuration Outpu | Wumber of labels: 4
time stamps and 49 being i Activation: Softmax
8064X40 10 fragments in time | Filter shape: 130*%10 33T7*15%20 Filter shape: 1*40 features) Number of filters: 20 1*¥20
creating each Number of filters: 20 337*15 Recurrence shape: 10
fragment of shape Pooling size: 2*2 Number of Signal flow:
806X40 filters: 40 Bidirectional.

Strategy = Many to one

Hyperparameter settings

Loss: categorical cross entropy
Batch size: 46

Number of epochs: 40
Optimizer Adam




Explainability: Model Performance Interpretation

Class Method  Accuracy (%)
] CNN-RNN 69.10
: above the threshold DA 6312 .
Arousal LR 64.82
. DT 4.
* Blue: Below the threshold Ol s
SVM 63.86 &
CNN-RNN 74.25
LDA 67.34
Liking LR 68.08 N
« SHAP XAl framework DT 6778 8
Class: Present KNN 63.12
o SVM 67.18 2 '“ff'r-ﬁ‘u‘iw
CNN-RNN 69.54 S ' T
i — . LDA 56.25 < '
cagff = Valence LR 63.12 ]
! = "-\) 3 DT 64.6 Q |
2 p - : KNN 57.68 o P e
o <> ! SVM 63.59
g 4 CNN-RNN 68.5 O
i 4 LDA 66.67 g fW
P Dominance LR 67.73
L DT 71.73
1 0.5 0 0.5 1 ” KNN 6312
Shapley Value
SVM 66.25
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Personalized models

Model Emotion Classes Sa”?p!es (overall:_ 1230) -
Training and validation | testing
CNN-EEG-V Valence Low, Medium, High | 1200 80
CNN-EEG-A Arousal Low, Medium, High | 1200 80
CNN-EEG-D Dominance | Low, Medium, High | 1200 80
RNN-EEG-V Valence Low, Medium, High | 1200 80
RNN-EEG-A Arousal Low, Medium, High | 1200 80
RNN-EEG-D Dominance | Low, Medium, High | 1200 80
C-RNN-EEG-V Valence Low, Medium, High | 1200 80
C-RNN-EEG-A Arousal Low, Medium, High | 1200 80
C-RNN-EEG-D Dominance Low, Medium, High | 1200 80
Emotion Class Model Overall Accuracy (%)
Arousal Low CNN-EEG-A 69.10 Participant id, Music video | Emotional response
Medium RNN-EEG-A 68.32 id Valence Arousal Dominanc
High CRNN-EEG-A 1312 07 3 Vi Visdium | Figh
Valence Low CNN-EEG-V 68.20 502, 4 High High Medium
Medium RNN-EEG-V 67.11 S02, 5 High High Medium
High C-RNN-EEG-V 76.25 S02, 6 High Low Low
- S02, 7 Low Medium Low
Dominance Low CNN-EEG-D 69.5 S02, 8 Medium Low High
Medium RNN-EEG-D 68.5 S02, 9 Medium Low medium
High C-RNN-EEG-D 76.67 S02, 11 Low High Low
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Emotion Evocation based acquisition and model training and

Affective Virtual Reality System (AVRS)

b) Feature Extraction  Material Classification  Disign and creat VR scene  SAM label \
on Emotion N
Sleppy
U t o
(o] o] Sublee HVIA | Relax v[ Relax:Villa tour }+ e
: : s
" . 2 tale le
nl mmt o Color 1 HVHA | My ] [ " — }+[ l 2 ] -
g (IAVS. Feature Ttﬁ [ Hppy2 Rainforest scenery ]+[ v l l D] *| AVRS
o IADS. -
cavs) ‘ Feart:Horrorpaiace |+ [V A 0]
o =1
Sound LVHA
g ™ Feature | | —] '{ FearZ:The empty cave ]+|VIA|°|
s Angry
g = L1 o ssdtanquaterums  |+[v]Aa]0]
=] Motion -
‘ " Dl "'l Abandonedhouse [ I I |
*Feature Digust 1 Olguott ]+ ViAL®
VR . .
= Materias [_oseust2hamc howse |+ v][a]0]
(VRvideo)

VR scenes cuts.
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ER with Body Language and Gesture



ER with Body Language and Gesture

* Body postures and movements are
as important as facial expressions
for the task of emotion analysis,
emotion intensity, and
understanding
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Databases

Reference Name Device Body parts Modality
Gunes et al., 2006 [21] FABO Digital camera Face and body Visual
Glowinski et al., 2008 [93] GEMEP Digital camera Face and body Audiovisual
Castellano et al., 2007 [104] HUMAINE Camera Face and body Audiovisual
Gavrilescu, 2015 [147] LIRIS-ACCEDE Camera Face and upper body Visual
Kipp et al., 2009 [92] THEATER Camera (movie clips) Body Audiovisual
Fourati et al., 2014 [154] EMILYA Motion capture and 4 cameras Body Visual
= 53
a8 ss]s| 2] 3
n = 1] g 0 &
Context | £ & s = o = =
= | = o 3 3 £ =
= o = 14 @ A 3
7] w w E w
C 10 | NA | 23 12 11 23 206
C 18 | NA | 10 5 5 1260 | >7000
C 8 8 10 4 6 240 240
C 6 6 64 32 32 | NA NA
U 8 | NA | NA [ NA | NA | NA 258
C 8 7 11 6 5 23 7084
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ER with Gesture: Databases and Labels

Database F G T H LA GF Frequency Database F G T H LA GF Frequency
Sadness [ ] ] L] ] ] [ ] 6 Boldness ° 1
Anger L L L . . 2 Comfort ° 1
Anxiety . ™ 3 Dependency . 1
Disgust . . 3 Disdain E 1
Fear . ® ® 3 Distress . 1
Surprise e o 3 Docility . 1
Boredom . o 2 Elation ¢ 1
Happiness o . 5 Excitement . 1
PP Exuberance . 1
Interest . ° 2 Fatigue o 1
Contempt . 2 Gratefulness o 1
Despair . . 2 Hostility o 1
Irritation . . 2 Indifference * 1
Joy . ° 2 Insecurity . 1
Pleasure ° . 2 Nastiness o 1
Relief . ° 2 Panic Fear . 1
Admiration e o 1 Rage ° 1
Neutral . 1 Relaxation . 1
Pride . . 1 Res-pectf_ulness . 1
Satisfaction . 1
Shame ¢ 1 Tenderness . 1
Aghastness . 1 Uncertainty o 1
Amazement . 1 Unconcern . 1
Amusement . 1

F = FABO [21], G = GEMEP [93], T = T heater [92], H = HUMAINE [104],

LA = LIRIS-ACCEDE

Bl

WL

.and GF = GEMEP-FERA [144].
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Dl Model

A shared feature extraction network

Two branches:

A Hierarchical Prototype Network (HPN) and
A Semantic Auto-Encoder (SAE)
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Performances (%) of different emotion recognition methods

> . "
Hidden Naive Bayes 86.77
PCA 51.85
Bays Net 53.7 Deep Learning Networks 87.74
Fazzy 56.48 Ensemble Tree 89.25
SVM 071 Binary Decision tree 90
Bays Net 70
INN-DTW 90.83
KNN .
Neural Network 93
Neural Network 76
J48\Quinlan’s C4.5 76.63 \ 4
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Text and Sentiment Analysis
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