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Introduction

The human’s necessity of activity and motions is
innate and depends on the age, gender, environment
circumstances, biorhythms and many other factors.
Activity features reflect the state of physical health,
the level of motor, psychological and intellectual
development [1]. Human activity and motions are an
integral individual characteristic, and if decomposed
provides valuable information. Automatic nonverbal
behavior (NVB) recognition systems might be applied
to solve security problems and medical and
psychological diagnosis and treatment tasks as well
[2]. The object of this work is to provide an approach
to develop the system of automatic nonverbal
behavior recognition and semantic annotation, which
includes a formalized knowledge model, a model of
the NVB features space and machine learning
techniques. Let O be the chosen engineering
knowledge model; D ={d;} - a 2- and/or 3-
dimensional input; H(0) - an entropy of the
knowledge model; S ={s;},i =1,N — the NVB
feature vector in a N-dimensional space.

Thus, the solution of the problem of the
development of the automatic NVB recognition and
annotation system implies finding the following
mappings:
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where Q_seq — the number of sequential data
processing operations.

Knowledge model

Finding v requires creating the knowledge model.
Ontology models are effective, flexible, allow
multilevel representations and Web integration, are
rich in samples and APl for development [3]. Let
0=(CPRIA) be the ontology, where C -
concepts, P — properties, R — relations, I — instances,
A — axioms. Then, the entropy of the ontology, which
was suggested earlier in [4], is a measure of the
uncertainty of information received by querying the
block Reasoner (fig. 1). The condition H —» min =
Il - max (Il — quantity of information) of the
knowledge model O can be reached iff (if and only if)
R — max, that is the number of relations between the
resultant instance(-s) and the others must tend to a
maximum. This is achieved by extending the
intertwined network of C,I and R developed for pose
description [2]. The knowledge model is developed
using the Web Ontology Language extension OWL
DL. Decidability and completeness of this model is
achieved due to support of the description logic (DL)
included in this language; whereas consistency is

justified using the DIG (DL standard) compliant

reasoner FaCT++ and Pellet embedded in the
ontology designer Protégé.
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Fig. 1. The knowledge model

Base concepts <owl:Class> and derived instances
<rdfs:subClassOf> introduced in the model together
with properties <owl:ObjectProperty> and manifold
relations between concepts and their instances allow
to infer and aggregate knowledge in an automated
way and to make a semantic video annotation.

NVB features

Finding ¢ requires the development of the NVB
feature space model based on low-level processing of
video frames and the development of a classifier. The
techniques of edge and skeleton (of people) detection
have been well studied [5] (differential, statistical and
contextual detectors, Gabor and Gaussian wavelets,
etc.) In addition, our research has shown that using of
a Kinect device in particular conditions (illumination,
the distance from the object to the device, etc.) yields
results as accurate as 85-90%, therefore reasonable
would be to focus on the techniques of object
description and classification.

Object description and the condition N — min
imply calculation of the vector S, which defines each
video frame and NVB uniquely. For this purpose we
conduct calculations of the uniform extension of the
local binary patterns (uniform LBP) (fig. 2). To make
the LBP more robust to image irregularities, such as
orientation of the object, illuminations and contrast
changes, it is recommended to preprocess images with
Gabor filters of different orientations (8 € {0:7}) and
scale ratios (y € {0:4}) (fig. 3). Classification then is
done using the Euclidean distance. We also suggest
using the Hamming distance, the Kullback—Leibler
distance and the Fisher's linear discriminant which

demonstrated more accurate results [6].
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Fig. 2. Comparison of the histograms. Red — a
closed eye, blue — an opened eye
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The regions of interest (ROI) of video frames are:
eyes, eyebrows, lips corners and others. Each region
in turn is divided into 2-4 areas W (fig. 3), for which
the feature vector (LBP) is computed. The size of the
LBP is P(P—1) + 2|p_g = 58, where P — the
number of neighboring points to compute one binary
code. The best results was achieved using the LBP
with following parameters: P,R = (8,2), where R —
radius of a circle.
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Fig. 3. Image preprocessing (left — original image,
right — after the Gabor filter applied)

We also suggest using the histograms of oriented
gradients (HOG) and their extensions. They have
proved to be more robust to irregularities in shape and
color and luminance components of the image, but
they demand additional processing since their size is
not constant. The size of the HOG depends on the size
of the image, cells, and the number of bins; if
W =32 x 16 then its size can reach 3780 elements
and more. This compels using reduction techniques,
such as principal component (PCA) and linear
discriminant (LDA) analyses.

The condition Q_seq — min in the (1) requires
using parallel computing. The size of an area for the
LBP W =32 x 16 because the maximum size of
thread blocks in a GPU G84, which was used for
computations, is 512; the warp size is 32 threads.
Thus, each thread block of the GPU is able to
calculate the feature vector (LBP) in a whole and
independently of other blocks, and without any warp
divergence, which is essential for GPU computing.
Outcomes of the overall dimension reduction are
partly shown in the table 1 (initial vector size equals
to an HD frame, that is N = 1920 x 1080), where N
— the dimension of a vector; Q_seq — the
computational complexity if sequential computing is
implemented; Q_par — if parallel is implemented.

Table 1. Feature vector dimension reduction

ROI N Q_seq Q_par
Kinect skeletal

joints 20 20 20

Eyes 2:58:4 |2-16-32-4| 2-1-4
Eyebrows + ea. PP L

between 3-58:2 |3-16-32-2| 3-1-2

Lips corners 2-58-2 (2-16-32-2| 2-1-2
)y 1064 9236 38

Experiment and Results

We used two sources of scene data D: recorded
using a video camera to extract information about
facial motions and recorded using a Kinect device to
extract information about body movements.
Automatic analysis was run for 49 nonverbal features
S using combinations of the CUDA API and .NET
Framework 4.0. Semantic annotations O were then

built automatically at the speed of v< 280 ms/frame.
To evaluate the effectiveness of our system false
positive and false negative errors were estimated,
which were <40% and <38% respectively for the
body features and <43%, <42% for the facial ones.

Discussion

The mapping y also might imply usage of a
linear/non-linear classifier, which together with the
Fisher's linear discriminant must improve feature
vector classification results. Using artificial neural
networks (ANN) for pose classification demonstrated
results of up to 80% [2]. However, this accuracy is
poor for automatic NVB recognition. Furthermore
building the ANN showed such disadvantages as
laborious training and fitting the neural network
weights and low processing speed. For these reasons
the SVM (support vector machine) classifier is
suggested. Further performance improvements are
suggested to be done by parallel computing the
feature vector for every ROl and frame independently,
if decompressed videos are given.

Conclusion

An approach to solve the problem of the
development of the automatic NVB recognition and
annotation system is provided, the ontology model is
developed, its logical decidability and consistency are
justified; the NVB features space model is developed,
vector’s dimension is reduced, parallelism is
presented. Further research will be focused on
improving the uniqueness of the NVB feature vector
and on improving the classifier in order to enhance
poor results.
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