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Abstract Visual Human Action Recognition is a universal hot topic of image processing, computer vision, pattern

human action recognition are presented.

recognition, machine learning and artificial intelligence with wide applications in video surveillance, video retrieval,
advances of this field from perspectives of feature extraction, action recognition methods as well as benchmark

human-computer interaction, virtual reality, health care, etc. In this paper, we analyze the state-of-the-arts and
datasets and competitions. In addition, the problems, difficulties, challenges and valuable future directions of
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Action recognition has been a hot spot issue in computer
vision field with broad applications in multiple areas in the past
a few years. Due to background clutter, camera motion,
occlusion, object scale and illumination condition changes, how
to extract “good” features and acquire robust feature
descriptions are crucial to human action recognition. In the
literature, existing features can be divided into four categories,
namely, (1) color, shape, texture based static features, (2)
optical flow, trajectory based dynamic features, (3) space-time
volume based spatial-temporal features, and (4) some
description based features. All these features capture different
aspects of a dynamic process, i.e., a certain type of human
action. However, none of the aforementioned features escape
suffering from some constraints or limitations. Therefore, it is
still a long way to go in the direction of robust feature
extraction and representation.

Another equally important problem in the human action
recognition task is action modeling and classification.
According to this survey, there mainly are three different
approaches involved in this stage. The simplest one is
static/dynamic template matching, the basic idea of which is
natural and easy to understand, but the performance degrades

heavily in realistic scenarios. Another widely used approach is
statistics based methods, which try to learn the intrinsic model
of each human action type based on large numbers of training
data. Consequently, the model and computation complexity
increases exponentially with the enrichment of training data,
such as Flickr, YouTube, etc. The third type comes from the
syntactic analysis and parsing techniques. Some researches
propose the event recognition language (ERL) to describe a
human action or event, and then use some grammar analysis to
recognize events. This type of method starts from a high-level
semantic view, and the accuracy depends on the low-level
processing such as segmentation, detection and tracking.

To foster the advancement of this field, plenty of
benchmark datasets and international competitions are
published each year. Though no universal consensus has been
reached on the definition and concepts of this problem, people

are trying to advance the research towards this direction.
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