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Anomaly Detection with Video Data
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Anomaly Detection with
Compressive Sensed Video Data
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Anomaly Detection with Data
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Anomaly Detection in Compressive
Sensed Data

a data stream

Extract features from -

h 4

Amalgamate features
and construct suitable
representation {for
example: vectors)

3

Perform compressive
sensing on feature

vectors
{

Computation of
residual and principal
sub-spaces

v

Computaticn of
threshold in the
residual space

L J

System training
complete

L

FIG. 18

¥

Extract features from
a time sampled data
instance

y

Amalgamate features
and construct suitable
representation {for
example: vectors)

2

Perform compressive
sensing on feature
vectors

b4

Project into residual
sub-space and
compare with
threshold

4

Report anomaly if
greater than
threshold




