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Visual recognition and interpretation of human-induced actions and events
are among the most active research areas in computer vision, pattern
recognition, and image understanding [4]. In this work, we develop such
a framework for robustly recognizing human actions in video sequences.
The contribution of the paper is twofold. First a reliable neural model,
the Multi-level Sigmoidal Neural Network (MSNN) as a classifier for the
task of action recognition is presented. Second we unfold how the temporal shape variations can be accurately captured based on both temporal
self-similarities and fuzzy log-polar histograms.
Neural network classifier has many advantages over other competitive
machine learning classifiers. Some of these advantages include the high
rapidity, easiness of training, realistic generalization capability, high selectivity and great capability to create arbitrary partitions of feature space.
However, the neural model, in the standard form, might have low classification accuracy and poor generalization properties because its neurons
employ a standard bi-level function that gives only two values (i.e., binary
responses) [2]. To relax this restriction and allow the neurons to generate
multiple responses, a new functional extension for the standard sigmoidal
functions should be developed. This extension is termed the Multi-level
Activation Function, and the model that uses this extension is termed the
Multi-level Sigmoidal Neural Network (MSNN). It is straightforward to
derive a multi-level version from a given bi-level standard sigmoidal activation function f (x) as follows

where ς = (xc , yc ) is the center of mass of B, which is invariant to scaling,
rotation or translation. Hence the angle is computed with respect to a horizontal line passing through the center of mass. To calculate the modified
shape context of the action pose, the log-polar histogram is overlaid on
the shape of action pose. Thus the fuzzy log-polar histogram representing
the shape of action at a temporal state j can be constructed by using the
membership functions µ j (t) as follows
h j (k1 , k2 ) =
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where each of these histograms is a 2-d matrix of dρ × dη dimensional,
where dρ and dη are the radial and angular dimensions, respectively. By
applying a simple linear transformation on the indices k1 and k2 , the 2-d
histograms is converted into one dimensional (1-d) vectors.
Next the resulting histograms are normalized to the integral value
of unity to achieve robustness to scale variations. The normalized histograms obtained can now be used as shape contextual information for
classification and matching. Many conventional approaches in various
computer vision applications directly combine such normalized histograms
to obtain one feature vector per video, which in turn can be classified by
any classification algorithm such as Bayes decision rule, ANN, SVM,
HMM, etc. In contrast, in this research, we aim to enrich these histograms with the self-similarity analysis. Given a histogram series H =
φr (x) ← f (x) + (λ − 1) f (c)
(1) {h1 , h2 , . . . , hm } that temporally represents m temporal segments of an action, then the temporal self-similarity matrix is given as
where λ is an integer index running from 1 to r − 1; r is the total number


of levels, and c is an arbitrary constant.
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Figure 1: Main components of the action recognizer.
The proposed action recognizer is schematically illustrated in Fig. 1.
As seen from the block diagram, the process of recognition systematically
works as follows. First keypoints are detected for each video clip (i.e., action snippet), using a Harris based algorithm. To make the method more
robust to time warping effects, each action snippet is divided into a number of overlapping time-slices defined by linguistic intervals. Gaussian
membership functions are used to describe such intervals:
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µ j (t; ε j , σ , m) = e

t−ε j m
σ

,

j = 1, 2, . . . , s

(2)

where ε j , σ , and m are the center, width, and fuzzification factor, respectively and s is the total number of time-slices. To extract the local
features of the shape representing the action pose at a time, the basic
idea of the shape context proposed first by Belongie et al [1] should be
improved. The idea behind a modified shape context is based on computing rich descriptors for fewer keypoints. Moreover the shape context is
reasonably extended by combining local descriptors with the fuzzy memberships functions and temporal self-similarities paradigms. Let B be a
set of sampled keypoints {(xi , yi )}ni=1 representing an action at a time t.
Thus log-polar coordinates (ρi , ηi ) for each keypoint pi ∈ B, are given by



q
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2
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ρi = (xi − xc ) + (yi − yc ) , ηi = log arctan
(3)
xi − xc

where si j = s(hi , h j ) is the similarity between histograms i and j. The
diagonal entries are zero, because s(hi , hi ) = 0 ∀i. Meanwhile, because
si j = s ji , S is a symmetric matrix. Since the global features tend to be relevant to the current recognition task, the final features fed into the MSNN
classifier are constructed by combining local and global features.
During the learning stage, the MSNN classifier is trained using the
features extracted from the action snippets in the training dataset. The up
diagonal elements of the similarity matrix representing the local features
are first transformed into plain vectors, and then fused with the global
features. All feature vectors are finally fed into the MSNN classifier to
distinguish all action classes. After the learning stage is finished, the system is able to recognize and identify unseen actions.
The overall conclusion is that the incorporation of the fuzzy membership functions makes the method quite robust to shape deformations and
time wrapping effects. When validated on the papular KTH dataset [3],
the results obtained show the superiority of the method over other popular
and recent methods in the literature. Furthermore, the method runs in runtime, and thus can provide timing guarantees to real-time applications.
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