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Emotion Definition

There are many accepted definitions.

James-Lange Theory:

Proposes emotions occur as a result of
physiological reactions to events.

According to this theory, you see an
external stimulus that leads to a
physiological reaction. Your emotional
reaction is dependent upon how you
Interpret those reactions.
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Emotion Classification

Robert Plutchik’s classification
Into eight primary emotions:

Anger |Sadness Disgust Surprise
Fear Acceptance Curiosity Joy
Paul Ekman’s devised a similar

list of basic emotions from
cross-cultural research :

Anger

Sadness

Disgust

Fear

Happiness

Surprise
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Emotions and Facial Expressions

A facial expression results from one
or more motions or positions of the
muscles of the face.

A facial expression convey the
emotional state of the individual to
observers. Facial expressions are a

form of nonverbal communication.

Emotions and facial expressions
are closely related and therefore
Involuntarily expresses emotions.
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Applications of emotions
recognition

Low bandwidth transmission of
facial data.

Human Computer Interactions.

For applications like video
facial image queries.
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‘ Features for emotions
recognition

Extracts 16 surface patches embedded in
bezier volume by using 3D wireframe model
of the face.

uses the 16 surfaces to measure 12 facial
motions which is then used as the features
for emotion recognition.
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Cauchy Distribution
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Why Cauchy Distribution

Vision algorithms uses similarity measure
to determine distance between two features.

General assumptions are euclidean metric
from a maximum likelihood perspective when
additive noise gaussian.

(Sebe etallEEE PAMI 22(10),1132-1143
2000) finds that most of the time the

gaussian  assumption for real noise
distributions is invalid.
Cauchy distribution models noise

distributions In a better way. And they
refer to this model as cauchy naive bayes.
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Cauchy Naive Bayes Classifier

Binary  classification problem  with
yl {0,1}and X TR

Classification problem under maximum
likelihood framework (ML): § = argmaz P(X|y)

u

If features In X are assumed to be
Independent of each other conditioned
upon the class label then the above
equation becomes: # = argmaa ]‘[1 P(a:|y)

Now the problem is to model the
probability of features given the class
label.
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Cauchy Naive Bayes Classifier

Difficulty in estimating the model
parameters.

For a sample of size of n sampled from

cauchy distribution the likelihood equation

IS given by: (where a . Is the location
parameter and b  ; Is the scaling parameter)

(]
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Cauchy Naive Bayes Classifier

Maximum likelihood equations (where and
maximum likelihood estimators for a
b, ):

i d — a; -
=1 b+ (2 - aq)?

i b o on
= b+ (2 - a)? -

Higher order polynomials and are estimated
using numerical techniques like newton-
raphson method.
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Experimental Setup

Assumption: representative ground truth is
provided and Is divided into non
overlapping training and test set.

maximum likelihood estimators are only
estimated using training set and
classification is done only on the test
set.

For each class they determine whether to
use  gaussian assumption or  cauchy
assumption.
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Experimental Setup Contd.

Decide which model distribution to use based
on the following algorithm (assumption test
and training set have similar

characteristics):

Stepl : for each class they use the training set
and estimate the parameters for both cauchy and
gaussian model using the ML framework.

Step2 . Extract random samples from the training
set and perform classification. Use the model that
gives best results to be used in classification
step.

Step3 : Perform classification using only the test
set.
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Experiments

Algorithm was tested on the data from five
people (not actors).

Each person was asked to display their
facial expressions corresponding to the
six emotions (based on ekman’s list of
emotions).

In between each facial expression each
person had to return to a neutral state.

Data was collected in form of open video
recording scenario.
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Person dependent result

Cauchy assumption
performs better overall.

Cauchy assumption
performance does not give
significant improvement

(d) Happiness (e) Sadness

In recognition rate. Example of each facial
Attribute the low SXPIESSIONS
Improvement |n Person Gauss | Cauchy
= 1 80.97% | 81.69%
recognition rate on: T ST R
. 3 69.06% | 71.74%
Lack of sufficient 1 32.5% | 53.05%
variability in displaying : 7180, | 79950
emotions. Average | 70.36% | 80.05%
Fewer outliers |n. data. Person dependent
Inaccurate tracking result. results
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Person dependent result

C O n t n E{nnticun Neutral | Happy | Anger | Disgust | Fear | Sad | Surpnse
. Neutral | 7452 | 048 | 504 | 311 | 610 | 644 | 418

Emotion | Neutral | Posttive | Negatme | Sumprise Happy | 277 | B7.16 | 083 | 187 | 106 | 210 | 408
Neutral | 74.52 0.48 20.79 418 Anger | 113 | 227 | T8l | 603 | 248 | 205 | 102

— — — Disgust | 0.02 0 273 | 8630 | 266 | 403 | 323

Positive | 2.77 87.16 497 4.08 Fear 551 0 206 | 836 7708 | 243 | 3461
Negative | 783 061 | B8O11 | 243 Sad | 1350 | 010 | 218 | 561 | 210 | 7445 | 184
Surprise | 439 0 8.54 R7.06 Surprise | 4.3 0 0 047 | 5.4 | 202 | 87.06

Person dependent Confusion
matrix using cauchy assumption

Person dependent average
confusion matrix using cauchy
assumption

Happy and surprise well recognized.

Other emotions are confused more often with other
emotions. Sad is the highest confused emotion.

Recognition accuracy is 80-89 % if we classify a
persons mood (emotion displayed is categorized as
+ive , -ive, neutral or surprise).
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Person Independent results

All emotions of one person are
considered as test sequence and rest
as training sequence. The test is
repeated 5 times with different
persons emotion as the test data.

Recognition rates are lower compared
to person-dependent results.

Confusion  between subjects
larger than within the same subject.

Find that Ekman’s theory of having 6
universal emotions is contradicted.

Cauchy assumption has 5% gain in
classification accuracy.

are
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52 44%

58.02%

70.62%

75.00%

56.20%

60.41%

55.60%

63.04%
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59.66%

61.41%

Average

58.94%

63.58%

Person independent
emotion recognition

using different
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Person Independent results

Person-independent average Person-independent Confusion
confusion matrix using cauchy matrix using cauchy assumption
assumption

Shows that the misclassification on the
pervious table is due to fact that
different categories of people display
emotions differently.

If the classification is just based on
persons mood then the accuracy increases
to 80%.
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My suggestions to improve the

results
Problem is the way they capture peoples

emotions.

Though capturing emotion in a natural
setting would be better and might produce
good accuracy In classification problem is
how to capture it.

My suggestion:
develop a experiment with various scenarios for
different kind of emotions.

Record each individuals emotions by recording
their expressions while they are going thru this
experiment and also ask them to individually
record how they felt after each scenario.
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