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It is known that human activity, facial

expression, and physiological signals explicitly



shed light on the health and comfort status of a
person. Based on recognizing video-based
human activity, facial expression, and
physiological signals, the purpose of this project
is to build an automated health monitoring
system to determine the physical and mental
comfort of a person so as to predict one’s health
condition [1-4].

conditioning, we will develop a machine’s

With an objective signal
ability to recognize human affective health state
by watching through a CCD camera over a
person’s action and face. The objective of this
thesis is to provide a human-like system to
auto-surveillance, to track people and to identify
their activities. We present a system for
video-based human activity recognition by
transforming the images into canonical space. In
our system, foreground subject is first extracted
as the binary image by a statistical background
model using frame ratio, which is robust to
illumination change. Then the foreground binary
image 1is transformed by eigenspace and
canonical space transformation, and recognition
is done in canonical space. By using several
essential templates to represent an activity, our
proposed system can recognize the activity of
the subject by down sampling the image
instead of all consecutive

sequence image

frames. In this way, we can reduce the

recognition complexity, decrease the
computational load, and improve the recognition
Without

geographic information such as location, path,

performance. referring to any

and velocity of the subject, our proposed system

uses only the binary images of subject to

recognize the activity and works very well.

Keywords: Action recognition, fuzzy classifier,

feature selection and transformation.
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F — Nearest neighbor =* maximum likelihood [ 77 KENF YT ’Fi“ng}
Nearest neighbor | Maximum likelihood
Person 1 87.6 90.3
Person 2 77.6 89.3
Person 3 92.9 93.9
Person 4 92.0 89.5
Person 5 93.0 94.7
Person 6 78.1 80.2
Person 7 933 96.4
Average 87.8 90.2
ST T -
Start at sample 1, | Start at sample 2, | Start at sample 3, | Start at sample 4, | Start at sample 5,
ie,1,6,11,16, | ie,2,7,12,17, |ie.,3,8,13,18, | ie.4,9, 14,19, |ie,5, 10, 15,20,
21, ... 22, ... 23, ... 24, ... 25, ...
Person 1 92.7 96.3 100.0 100.0 96
Person 2 87.5 93.7 85.7 88.7 86.9
Person 3 98.4 96.9 100.0 96.8 95.1
Person 4 98.6 98.6 95.8 97.2 98.6
Person 5 100.0 100.0 97.4 98.7 98.7
Person 6 86.3 87.7 89.0 83.1 78.6
Person 7 100.0 100.0 95.1 95.1 100
Average 94.9 96.1 94.6 94.1 93.3
TR T
Start at sample 1 | Start at sample 2 | Start at sample 3 | Start at sample 4 |Start at sample 5
ie,1,6,11,16, | ie.,2,7,12,17, | ie,3,8,13,18, | ie.,4,9,14,19, | ie.5,10,15,
21, ... 22, ... 23, ... 24, ... 20,25, ...
Person 1 96.4 94.4 94.4 98.1 98
Person 2 98.4 98.4 96.8 95.2 100
Person 3 100.0 100.0 100.0 100.0 100
Person 4 100.0 100.0 90.1 85.9 92.9
Person 5 100.0 100.0 100.0 100.0 100
Person 6 89.0 93.2 91.8 87.3 85.7
Person 7 100.0 100.0 100.0 98.4 100
Average 97.7 98.1 96.1 94.8 96.5
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