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Abstract In the research of action recognition from video
data based on machine learning, unsupervised learning approach
has recently been spotlighted. In this paper, we adopted ‘stacked
convolutional ISA’ algorithm, a state-of-the-art unsupervised
learning technique based on independent subspace analysis (ISA)
algorithm that has recently been suggested in [2], to the human
cooking action recognition from video data. The algorithm
extracted useful spatio-temporal features directly from the video
data, which can be regarded as the most significant advantage of
unsupervised learning approach, resulting in impressive
performance despite of the restricted number of training and test
sets. In human cooking action recognition, it is imperative to
recognize the identity of cooking utensils or food materials
currently held in hands besides the hand action itself. This sort of

context recognition remains open to the future study.
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Fig 1. Sandwich-making videos from three different angles.
Norm-thresholding interest points detection results are also
represented.
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Table 1. Classification accuracy for actions in sandwich
making videos
(K: K-fold cross-validation)
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Table 2. Classification accuracy for actions in Hollywood2
video dataset,

CuttingSomething 95.7% (45/47) 95.7% (45/47)

DisposeAnObject 95.7% (45/47) 97.9% (46/47)

Reaching 70.2% (33/47) 78.7% (37/47)

ReleaseGraspOfSomething 66.0% (31/47) 66.0% (31/47)

SpreadingOntoSurface 97.9% (46/47) 95.7% (45/47)

Sprinkle 100% (47/47) 100% (47/47)

TurningOnPowerDevice 97.9% (46/47) 97.9% (46/47)

UnWrappingSomething 100% (47/47) 97.9% (46/47)

Mean 91.3% 92.0%

5.5 Self-Taught Learning Paradigm
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