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Abstract

In the field of video analysis, particularly in human
action recognition, previous methods—despite their
successes—have encountered limitations in directly
preserving spatial features without resorting to complex
preprocessing and in modeling long-term temporal
dependencies. In this study, we propose a novel
architecture based on the integration of 2D Restricted
Boltzmann Machines (RBMs) and LSTM networks.
This approach addresses the existing gap in the literature
by accurately extracting spatial patterns from video
frames and effectively modeling temporal relationships.
In the proposed method, Restricted Boltzmann
Machines extract important spatial features from images
without the need for extensive preprocessing, while
LSTM networks model the complex temporal
dependencies. Experimental results on the KTH, UCF
Sports, and HMDB51 datasets demonstrate improved
performance with accuracies of 95.3%, 93.4%, and
70.8%, respectively, thereby establishing the significant
effectiveness of the proposed approach compared to the
current competitive methods.
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