INTRODUCTION

While in space, astronauts are required to perform mission-
critical tasks on very expensive equipment at a high level of
functional capability. Stressors can compromise their ability to
do so, thus it is very important to have a system that can
unobtrusively and objectively detect neurobehavioral
problems involving elevated levels of behavioral stress and
negative emotions. Computerized approaches involving
inexpensive cameras offer an unobtrusive way to detect
distress and to monitor observable emotions of astronauts
during critical operations in space, by tracking and analyzing
facial expressions and body gestures in video streams. Such
systems can have applications beyond space flight, e.g,,
surveillance, law enforcement and human computer
interaction.

ACTIVE SHAPE MODEL (ASM) FACE TRACKING

We have developed a framework that is capable [1] of real-
time tracking of facial landmarks (e.g., eyes, eyebrows, nose,
mouth), using a group of deformable statistical models of
facial shape variation and local texture distribution. Our model
tolerates partial occlusions as well as out of plane rotations. It
can automatically recover from lost track and reinitialize.

e Facial shapes represented by (x,y) coordinates of 79
landmarks.
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o Statistical model of permissible facial shape variation and
deformation, learned by application of Principal Components
Analysis
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* Learn non-linear shape manifold as separate ASM models
for each major pose, dynamically switching models as head.
e Use mixture of experts model to predict 3D head pose

(pitch, yaw, tilt) given the tracked landmarks
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Figure 1: (Left) Labeled Face Shapes clustered by pose (Right) Learn Non-Linear Shape
Manifold as ASM Shape Clusters
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Figure 2: The overlapping between
clusters ensures smooth deformation of
the shape during cluster switching while
tracking full profile rotations.

SKIN BLOB TRACKING

Our skin blob tracker [2] is capable of detecting and tracking
regions of skin color in real time (i.e., head and hands). It is
automatically initialized with a generic skin color model (which
is learned offline), dynamically learning the specific color
distribution of the current subject for online adaptive tracking.
Detected blobs are filtered online, both in terms of motion
and shape, using Eigen-space analysis and temporal dynamical
models to prune false detections (see Figure 3 for an
illustration).
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Flgure 3: Sample processed frame showmg the

skin blobs detected and tracked by the skin
blob tracker (blobs marked as ellipsoids).

RECOGNIZING FACIAL EXPRESSIONS

In order to train classifiers for facial
expression recognition we need training [
images depicting facial expressions of the
6 universal emotions (i.e., sadness, anger, [
disgust, fear, surprise, happiness) as well [
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Figure 4: (Top) Expression
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Figure 5: (Above) Graphical
representation of motion profiles of two
different subjects exhibiting over-
controlled and agitated behaviors [2]

Figure 6: (Right) Sample processed
frames showing tracked landmarks,
estimated head pose (top left corner)
and predicted facial expression scores.

EXPERIMENTAL RESULTS

We recorded 147 subjects in 12-question interviews
following a mock-crime, tracking their facial expressions and
body gestures (via ASM and skin blob tracking) to recognize
deception by detecting subject-specific stressed and relaxed
behaviors. Leave One Out Cross Validation using Nearest
Neighbor classification discriminated truthful and deceptive
responses with an average accuracy of 81.6%.

Expression Recognitio
n Rate

We used 352 training sequences (96 subjects,

3-6 samples per expression each) from the CMU
database [4] to train 7 expression classifiers pisgs 61%
(table shows accuracy of 5-fold CV). We also Fer 72%
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(see sample predictions in Figure 6). Evaluation =y e
is shown in the poster by Moreta et. al. Mear i

CONCLUSIONS
While validation of the OCR output is underway, preliminary
results suggest that OCR technology will serve as an on-line
detection system to help identify risks to performance posed
by changes in mood and emotion during spaceflight.
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