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This paper presents an in-depth study and analysis of human action recognition in dancesport video images through chaotic system
equations. A novel fractional-order chaotic system model with hidden multistability is constructed. Since this fractional-order
chaotic system has no equilibrium point, the equilibrium point stability analysis is not required. The effect of system parameters
on the multistability characteristics of the fractional-order chaotic system is investigated in depth by using the control variable
method and nonlinear dynamic tools. In addition, the system has a special property of offset incremental control, which makes
the system more widely and practically useful in engineering applications. Finally, circuit simulation experiments and hardware
circuit experiments are conducted for the fractional-order chaotic system, and the results are consistent with the corresponding
theoretical analysis. The system architecture of the mobile augmented reality-based ethnic dynamic art display system is
designed, and the system architecture adopts a hierarchical design. The experimental results show that the design method of the
mobile augmented reality-based dynamic art display system proposed in this thesis can meet the purpose of expanding the
ways of dancesport display, and the system designed in this thesis is customizable and the synthesized images have a high
sense of realism.

1. Introduction

Chaos theory is one of the most important branches of non-
linear science and one of the greatest achievements in 20th-
century physics. The establishment of chaos theory broke
the illusion of Laplacean determinism based on the Newto-
nian paradigm and made people realize that Newtonian
mechanics has limitations not only for high-speed motion
physics and microscopic particles but also for the study of
complex systems composed of multiple elements [1]. Chaos
theory is the study of dynamical systems, which refers to
the existence of unpredictable, irregular motion in a deter-
ministic dynamical system. Chaos, as a special form of
motion in nonlinear systems, is widely found in nature. In
recent years, with the continuous exploration of chaos, the
study of chaos has been widely involved in various disciplines
such as physics, biology, mathematics, electronics, music,
and art, making chaos science a modern science with a deep

theoretical background. Chaos science has been a major con-
tributor to the progress and development of society by broad-
ening people’s horizons and deepening their knowledge of
the natural world [2]. With the study of fractional-order dif-
ferential equations and the application of chaotic behavior,
people then began to pay attention to the control and syn-
chronization of fractional-order chaotic systems and found
that fractional-order chaotic systems can better meet our
information society [3]. In our rapidly developing era, the
popularity of the Internet has made information dissemina-
tion faster and communication with each other more conve-
nient but also brings the risk of private information being
leaked. How to improve the confidential communication
ability of the system is of more interest to everyone [4]. We
both want to communicate better with others and worry
about our information being leaked [5]. This requires us to
study extensively how to improve the confidential communi-
cation capability of communication systems and what kind of
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systems should be selected for communication propagation.
Fractional-order chaotic systems have become a research
hotspot due to their wide range of orders, and the unpredict-
ability of the system is more suitable for confidential commu-
nication systems [6].

With the rapid changes in science and technology, the use
of digital technology to innovatively disseminate traditional
culture has received a lot of attention from the cultural and
information technology communities. It has greatly broad-
ened people’s horizons, deepened people’s cognition of the
natural world, and made important contributions to the
progress and development of society. Compared with tradi-
tional methods, the use of digital technology for the preserva-
tion of intangible cultural heritage is more efficient and
comprehensive in preserving intangible cultural heritage
and is also more conducive to the promotion of intangible
cultural heritage through Internet channels. At present, the
more common methods of digital preservation of dancesport
include a video recording of dancers using several digital
cameras, but it is difficult to record the body dynamics of
dancers in an all-round way in this way, and the editability
of the image data obtained by this method is relatively poor.
Motion capture technology is a relatively new technology,
which can better achieve the extraction and preservation of
three-dimensional spatial data of dancesport dancers’ pos-
tures, so this technology is often used for dancesport digital
preservation work.

As an important indicator of ergonomic design, human
body parameters can judge whether the design of equipment
is humane and provide data reference for the improvement
of design solutions, so the study of human body parameter
measurement has received increased attention. Traditional
manual measurement methods have faced the problem of
difficulty in measuring human body dimensions accurately,
quickly, and in large quantities. In the context of the rapid
development of computer vision and network technology,
video-based automatic measurement technology of human
body parameters has emerged and has shown a trend of intel-
ligence. This technology integrates key technologies such as
computer graphics, sensor technology, and optoelectronic
information technology, and the core of its research is to
make full use of the useful information conveyed by the video
to measure human parameters accurately, quickly, and at low
cost. Various human body parameters of the target to be
measured can be measured in real time, so the video
measurement method saves time and human resources than
traditional manual measurement. Compared with the tradi-
tional contact body parameter measurement, the automatic
video-based body parameter measurement only needs to
shoot human action video, which using the human motion
information in the video sequence can be measured at any
time, but also has the advantages of safety, low cost, high
human comfort, and good repeatability. Video-based human
body parameter measurement technology can realize large-
scale, real-time measurement of the body size of sports, dance,
military, and aerospace personnel. These persons under test
only need to make designated auxiliary measurement actions
in the measurement room to obtain real-time measurement
of the target under test. Therefore, the video measurement

method saves time and human resources in comparison to
the traditional manual measurement. In sports competitions
such as gymnastics, judges are influenced by subjective factors
that may lead to unfair judgments. In future research, the inte-
gration of video-based body parameter measurement technol-
ogy with human kinematic analysis and other related
technologies can build an “electronic referee system” that
automatically scores the movements of gymnasts, which can
greatly reduce the influence of subjective factors in the scoring
of sports competitions.

2. Current Status of Research

Motion and behavior analysis has a long history, and its
research value is attractive to a variety of disciplines includ-
ing psychology, biology, and computer science. From an
engineering perspective, the field of behavior recognition
has expanded to a wide range of high-impact social applica-
tions, not only in areas such as intelligent video surveillance,
video retrieval, and human-computer interaction as previ-
ously mentioned but also in video-based behavior recogni-
tion which has also contributed greatly to retail analysis,
user interface design, robot learning, medical diagnosis, and
improving the quality of life of the elderly [7]. As a result,
increased scholars are devoting themselves to the research
in the field of behavior recognition. Nowadays, the main-
stream behavior recognition research methods are roughly
divided into traditional machine learning methods and deep
learning methods, either of which is inseparable from the
extraction of human behavior features from videos to charac-
terize human behavior [8]. The current research develop-
ment in the field of human behavior recognition is
introduced from the perspective of the types of features used
by various algorithms. Appearance shape features generally
include size, profile contour, color, lightness, depth, etc. of
moving objects, and these features are widely used in behav-
ior recognition because they can better characterize human
behavior details.

Taylor et al. were the first to use contours to describe
human motion information. In the authors’ approach,
background subtraction is first used, and then, a series of
background subtraction blocks are aggregated into a single
static image. The authors propose two aggregation methods:
the first method gives equal weight to all images in the
sequence, resulting in a representation called the “motion
energy image” (MEI) [9], which is used to indicate where
motion has occurred, and the second method gives decaying
weights to the images in the sequence, assigning higher
weights to new frames and lower weights to old frames,
which is called a “dynamic history image” (MHI), which is
intended to be used to present the temporal order of motion
[10]. Haghanikar proposed a motion history image-based
interest point refinement algorithm to remove noisy interest
points, extending the directional gradient histogram and
optical flow histogram techniques from the spatial to the spa-
tiotemporal domain to preserve temporal information [11].
H. Li and W. Li [12] addressed the problem that the repre-
sentation of action recognition usually uses only shape fea-
tures and ignores color features, inspired by the success of
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color in image classification and target detection, and inves-
tigated the potential of color for behavior classification and
detection in still images, experimentally showing that postfu-
sion of color and shape information outperforms other
methods for behavior recognition; the paper also gives that
different color-shape fusion methods produce complemen-
tary information and combining them obtains advanced
action classification performance. Moroz [13] proposed a
background modeling method based on luminance invariant
colors and adaptive Gaussian blending that can adaptively
build and update shadows with color invariance assumptions
for foreground target and background recognition in com-
plex scenes, which achieves excellent recognition results
without sacrificing real-time performance.

Based on the mechanical analysis of chaotic systems,
Brandão investigated another Brandão system with energy
cycles and bounds [14]. Recently, Reynolds et al. character-
ized the mechanics and energy of a brushless DC motor sys-
tem with the help of the Kolmogorov system and
Hamiltonian energy function and studied the physical back-
ground of the brushless DC motor system and its causes of
chaos, which provides a good reference for other future
mechanical analysis of chaotic systems with practical physi-
cal significance [15]. The accuracy of continuous gesture rec-
ognition relies heavily on two processes, action segmentation
and semantic fitting, and continuous gesture recognition
often has no clear segmentation points compared to speech
recognition, thus giving birth to many machine learning-
based methods to accomplish the definition of gesture
segmentation points. Intuitively, the slowdown of gesture
movement and the sudden shift of movement direction often
represent the segmentation change points of gestures, and
Chaudhry et al. defined the obvious gesture segmentation
points based on this a priori condition through a plain Bayes-
ian model [16]. In a later study, they further applied Bayesian
networks based on the segmentation probability approach to
segment continuous gestures into target gestures and transi-
tion gestures that separated target gestures which were
classified by a two-layer CERF classifier and finally obtained
good segmentation recall and recognition rates.

3. Chaotic System Equations for Human Action
Recognition Analysis in Dancesport
Video Images

3.1. Chaotic System Equation Design. Chaos refers to the
unpredictable, random-like complex motion of a determinis-
tic dynamical system that is sensitive to initial values. Due to
the complex nature of chaos and the fact that scientists in dif-
ferent fields often have different understandings of chaos,
there are many definitions of chaos from different perspec-
tives, so that there is no unified and complete definition of
chaos so far. A chaotic motion is a nonperiodic bounded
dynamic motion, which is a random process that appears in
a deterministic system. A chaotic motion is a nonperiodic
bounded dynamic motion, which is a class of stochastic pro-
cesses occurring in a deterministic system [17]. Chaotic
systems are very sensitive to initial conditions, and small

differences in initial conditions can lead to very different
results. This is known as “a mistake of a thousand miles.”
The chaotic attractor is bounded, and its trajectory is always
confined to a defined region, i.e., the domain of attraction.
Chaotic motions are random and uncertain behaviors gener-
ated by a deterministic system, and this randomness is inde-
pendent of external environmental factors and is generated
spontaneously by the system.

dqf tð Þ
dtq

= 1
Π n − qð Þ

dn

dtn

ðt
a

x τð Þ2
t − τð Þq−n+1 dτ, ð1Þ

where n is an integer, q > 0, and there is 1 < q < n. I denotes
the Gamma function. The Laplace transform of equation
(1) yields

L
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When equation (2) is zero in the initial state, it can be
simplified to obtain

L
dqf tð Þ
dtq

� �
= SqL f tð Þf g: ð3Þ

The resulting transfer function of the fractional-order
calculus in the frequency domain is given by

F sð Þ = ∇
1
s2q

: ð4Þ

When the motion state of a dynamical system is por-
trayed using the Lyapunov exponent, it is possible not only
to calculate the rate of change of the system’s trajectory
points in the phase space but also to measure the long-term
stability of the orbit of the chaotic system, which represents
the overall quantity in time and space, rather than the local
quantity. It can determine quantitatively the state in which
the chaotic system is located. Consider a one-dimensional
chaotic mapping with only one compression or stretching
direction, while using the Lyapunov exponent definition of
the one-dimensional mapping, one can determine the system
motion orbit with the following expression:

LE = lim 1
n
〠
n

i=0
ln f ′ xið Þ�� ��: ð5Þ

Here, equation (5) can only determine a Lyapunov expo-
nent existing in three cases. When LE > 0, it means that in
each local, the motion track of the system is in an unstable
state, and the adjacent machine will chase to the present
which means that the stable motion track of the double JA
part will fold repeatedly, which can produce chaotic attrac-
tors; when LE < 0, it means that the motion track is a locally
stable bolt, so it cannot form LE = 0 which is the bifurcation
point of the system when the LE stops and changes nega-
tively, which means that the system transforms during the
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chaos and multiplicity. Consider that the one-dimensional
chaotic map has only one compression or extension direc-
tion, and the Lyapunov exponent definition of the one-
dimensional map can determine the trajectory of the system.
For a chaotic system, there must be several I-stop plying
holes; therefore, by calculating the Lyapunov index that exists
greater than zero, we can examine whether the system can
generate chaos.

Self-similarity is one of the most important features of
fractals, which is used to indicate that there is some similarity
between the local and the whole itself. Since the structure of
chaotic singular attractors is different from the usual geome-
try, there is self-similarity in this structure, and most singular
attractors have fractional dimensions, so the geometric prop-
erties of chaotic systems can be studied by examining their
spatial dimensions. And the fractal situation of the attractor
is usually measured using the Lyapunov dimension defined as

DL = k + 2
LEk+1j j〠

k−1

i=1
LEk: ð6Þ

Here, k denotes the largest integer value that makes the
∑k−1

i=1 LEk ≥ 0 condition hold, and for n-dimensional chaotic
systems, in general, k = n − 1. By calculating the Lyapunov
dimension, the state of the attractor in the n-dimensional
phase space can be determined.

Continuous gesture motion contains rich node trajectory
information, and without strong discriminative feature extrac-
tion methods to accurately capture the hidden motion pat-
terns in the data, it is difficult for existing machine learning
algorithms to obtain robust recognition systems from a lim-
ited amount of noisy training data. This part of the study will
focus on how to dynamically model the time series generated
by discrete observations of chaotic physical systems to provide
the recognition system with a feature matrix reflecting the
underlying kinematic properties. According to the dynamic
reconstruction approach, it is first necessary to verify the sta-
bility of the dynamic gesture systems and their compliance
with the conditions for the study of chaotic systems utilizing
a symbolic spectrum approach and further to verify whether
they are governed by fixed rules. According to the characteris-
tics of chaotic systems, the trajectories of attractors with simi-
lar initial conditions will gradually separate over time, and
chaotic dynamic systems with singular attractors will sensi-
tively depend on the initial motion conditions, which will ben-
efit the characteristic distribution of the system.

Based on the discrete nodal motion trajectory output from
the convolutional gesture machine, a specific type of chaotic
dynamical system is assumed to be used to simulate the ges-
ture dynamic model, and then, a feature matrix composed of
chaotic feature factors is established for classification recogni-
tion based on chaos theory analysis [18]. The discrete observa-
tion sequences of the gesture dynamic model are first verified
by deterministic experiments whether they meet the condi-
tions of chaotic time series analysis, and then, the spectral pat-
terns between different gesture sequences are extracted by
symbolic spectrum analysis for gesture segmentation. Chaotic
feature factors such as correlation dimension, Lyapunov expo-

nent, and K-full are extracted from the phase space of the
reconstructed time series, and then, the kinetic feature matrix
describing the overall motion characteristics of the gesture is
constructed. This avoids the difficulty of constructing and
solving descriptive systems of motion equations and provides
a new modeling idea for gesture feature engineering.

The assumption of a chaotic system based on a Gestalt
motion model originates from the concept of a fixed point
in the study of dynamics. In a simple single pendulum sys-
tem, as shown in Figure 1, the fixed point is located at the
lowest position of the pendulum. The important characteris-
tics of the systemmotion are reflected in the region of motion
around it. Regardless of the initial position of the pendulum,
the system eventually converges to the fixed point, and the
analysis of complex motion trajectories with noise can be
reduced to the analysis of the fixed point. Overhead gesture
motions also belong to dynamically dissipative systems,
which are characterized by the convergence of the state-
space volume to lower-dimensional manifolds over time. It
is assumed that the continuous gesture is consistent with a
nonlinear dynamical system, and in turn, a characteristic
model based on chaotic dynamics can be developed to verify
whether the hypothesis holds by experimental results.

The captured hand skeleton trajectories are expressed as
discrete observation sequences of gesture motion trajectories.
Unlike the handwritten letter recognition process, the over-
head letter gesture trajectory in Figure 2 contains not only
the letter shape itself but also the trajectory of transition
motion, and these irregular motion trajectories make it diffi-
cult for the traditional algorithms based on image recogni-
tion to effectively capture the temporal and spatial features.
The autocorrelation method is a sequence correlation
method, which selects the delay time through the autocorre-
lation function, reduces the correlation between the recon-
structed time series, and makes the dynamic characteristics
of the sequence as little as possible. In addition, the time
series in the actual system are discrete measurements of con-
tinuous data points, and the motion control equations of the
system are usually unknown and complex, making it difficult
to infer the motion features by data fitting. Incomplete state
estimates and unintentional gesture movements often lead
to nonlinearities in the observed sequence, and it can be
assumed that the dynamic system fits a nonlinear Gaussian
model. As opposed to inferring possible control equations,
the model is fitted by finding the parameters that are most
likely to explain those seemingly random samples. In chaos
theory, chaotic attractors are mainly used to characterize
nonlinear dynamical systems of order two or higher and
apply to deterministic systems controlled by fixed rules.

To be done by decomposing the binary sequence into m
disjoint subsets on the one hand and from the set f1, 2,⋯,
N −mg for each of these subsets, m starting positions can
be selected randomly. The reason the list of starting positions
ends with N −m is that a subset of length m can be formed
from the last possible starting position.

Si =
0, xi >M,
1, xi ≤M:

(
ð7Þ
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And the corresponding characteristics are presented
through numerical simulation to verify the analysis. The expres-
sion of the three-dimensional chaotic system is as follows.

x = −ax − byz,
y = −cy − dxz,
z = kz −mxy:

8>><
>>: ð8Þ

When different values of parameters are taken, the system
will show different behavioral states. And when each parameter

is varied in a special range and the proper value is chosen, the
system at this time can produce chaos.

DL = 2 + K
LEk+1j j〠

k−1

i=1
LEk, ð9Þ

λi = lim
t⟶∞

1
t

pi tð Þ
p0 tð Þ
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, ð10Þ
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λmax = lim
t⟶∞

m
mt + 1〠

n

i=1
ln pi tð Þ

p0 tð Þ
� �

: ð11Þ

Phase space reconstruction describes the state of mapping
from one-dimensional signals to higher-dimensional signals
and can avoid the mathematical solution of complex dynamical
equations by capturing the underlying dynamical properties of
discrete time series through dynamic modeling. The optimal
embedding dimension is the smallest dimension that can satisfy
the complete expansion of the chaotic motion. This requires
constant calculation of the proportion of all neighbors occupied
by false neighbors in the trajectory of the system during the pro-
cess of increasing the dimension. Compared with the modeling
methods based on descriptive variables, it can overcome the
influencing factors such as noise, velocity variation, and individ-
ual motion amplitude differences and unify the dimensionality
of the feature matrix without losing the dynamical features,
while the seemingly complex and irregular one-dimensional
time series signal has a feature distribution in the high-
dimensional phase space sufficient to characterize the dynami-
cal system. From the mathematical point of view of chaotic
dynamics, the chaotic attractor is a set of values that represent
the tendency of the system to evolve. The time series generated
by the discretely observed chaotic physical system can be
dynamically modeled to provide a characteristic matrix reflect-
ing the potential kinematics of the recognition system. Accord-
ing to the properties of chaotic systems, the trajectories of
attractors with similar initial conditions will slowly separate
over time, and chaotic dynamical systems with singular attrac-
tors will depend sensitively on the initial motion conditions,
which will favor the characteristic distribution of the system.

3.2. Experimental Design of Human Movement Recognition
from Dancesport Video Images. The Lyapunov index quan-
tifies the exponential rate of trajectory separation between
moving attractors and describes how the trajectories on the
attractors move as the system evolves, where the maximum
Lyapunov index is used to measure the scatter index of
nearby trajectories in the reconstructed phase space; the basic
method of dynamic reconstruction is the delayed embedding
method proposed by Takins, which reconstructs by delaying
the coordinate state values equivalent to the phase space of
the original space. Each row in the matrix represents a point
in the high-dimensional phase space, and the delayed
sequence of the original time series is recorded in a sliding
time window of length m. The m-dimensional vectors are
stacked to the matrix X, where m is denoted as the embed-
ding dimension and t is denoted as the delay time.

X =

x0 xt x2t ⋯ xxt−t

x1 ⋯ :⋯ ⋯ ⋯

x2 ⋯ ⋯ ⋯ ⋯

x3 ⋯ ⋯ ⋯ ⋯

⋯ ⋯ ⋯ ⋯ ⋯

0
BBBBBBBB@

1
CCCCCCCCA
: ð12Þ

In a finite sequence with noise, the values of m and t
directly affect the quality of the reconstructed phase space.
The choice of the delay time determines the accuracy of the
phase space structure: if t is too small, the chaotic attractor
will be drawn along a straight line; if t is too large, the struc-
ture of the chaotic attractor will not be fully revealed. There
are two main methods to predict the ideal delay time t: the
serial correlation method and the mutual information
method [19]. The autocorrelation method is a sequence cor-
relation method, which reduces the correlation between
reconstructed time series by choosing the delay time through
the autocorrelation function so that the dynamical properties
of the series are lost as little as possible. However, this
method is essentially based on the concept of linearity and
is suitable for judging linear correlations but not for nonlin-
ear systems. And the mutual information method was pro-
posed to find the first local minimum of the mutual
information between the delayed time series fm,g and the
original time series fn,g and determine the delay time effec-
tively based on the feature that they share the least informa-
tion. The recognition rate is about 93.68%, and about 1% of
the samples cannot be applied to the phase space reconstruc-
tion method due to abnormal motion trajectory capture.

Assume that the dynamic gesture discrete observation of
the system state fw1,w2,⋯,wmg and the system state of
delayed discrete observation fq1, q2,⋯, qmg constitute the
systems W and Q. According to information theory, one
can obtain the information incited in the discrete measure-
ment sequences of the respective systems, respectively:

H Wð Þ = lim
n⟶∞

〠
n

i=1
PW Wið Þ ln PW Wið Þ, ð13Þ

H Qð Þ = lim
n⟶∞

〠
n

i=1
Pq Qið Þ ln Pq Qið Þ: ð14Þ

In IðtÞ, Pmn denotes the joint probability that the instan-
taneous states between the two time series are the same.

I tð Þ = lim
m,n⟶∞

〠
m,n

i,j
Pmn mi, nj

� �
ln

P mi, nj

� �
mi, nj

� �
P mið ÞP nj

� �
mi, nj

� �
" #

:

ð15Þ

Figure 3 shows the plotting of the mutual information
function, and the x-coordinate corresponding to the first
minimal value point represents the optimal delay time for
reconstructing the phase space.

The quality of the phase space reconstruction and the
extraction of chaotic features also depend on the proper
embedding dimension m. When the motion trajectory in
the high-dimensional phase space generates a projection on
the one-dimensional spatial axis, the motion trajectory of
the chaotic system is distorted and the projection is referred
to as a chaotic time series in the geometric perspective. A
spurious neighbor point is defined as a coordinate point in
a higher-dimensional space where the projection distance
of two nonadjacent points has a similar possibility on the
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one-dimensional spatial axis, and such a coordinate point
usually brings about an irregular presentation of chaotic time
series [20–22]. The basic principle of reconstructing the
phase space is to unfold the geometric structure of the chaotic
motion by increasing the value ofm. First, through determin-
istic experiments, it is verified whether the discrete observa-
tion sequence of the gesture dynamic model meets the
conditions of chaotic time sequence analysis, and then, the
spectrum pattern between different gesture sequences is
extracted by symbol spectrum analysis for gesture segmenta-
tion. In this process, false nearest neighbors will gradually
appear, thus recovering the trajectory of its presentation in
the one-dimensional time series distorted by chaos. The opti-
mal embedding dimension is the minimum dimension that
can satisfy the complete unfolding of the chaotic motion,
which requires the constant calculation of the proportional
relationship between all the nearest neighbors occupied by
the false nearest neighbors in the trajectory of the system in
the process of increasing the dimensionality. The complete
unfolding of the internal structure of the chaotic motion
needs to satisfy the condition of sieving out all the false near-
est neighbors. For the time series obtained from discrete
observations in practice, the initial condition is R = 30 and
m = 2, and the overall proportion of pseudonearest neighbor
points is found. The optimal embedding dimension of the
phase space is m when the value of m is increased until the
overall proportion of pseudonearest neighbor points is less
than 5% and stabilizes, and the geometric structure of the
chaotic attractor has been fully recovered at this time.
Figure 4 shows the 3D projection of multiple gesture trajecto-
ries in the phase space, and the gesture trajectories with dif-
ferent lengths and motion amplitudes are stably distributed
in the high-dimensional phase space.

The correlation factor includes the correlation integral
and the fractional dimension, which together determine the
structure of the attractor metric, where the correlation

integral reflects the density of the number of state points in
the radius domain denoted as

C εð Þ = 2
N × N − 1ð Þ〠

m,n

i,j
HPmn mi, nj

� �
: ð16Þ

x represents the state point on the attractor, HðxÞ is
denoted as a Heaviside function, and e is the value of the
radius. A specific value of e is set to obtain the corresponding
correlation integral. Preexperiments were conducted with
multiple gesture samples to observe the distribution of the
samples at different radii, and finally, s = 50 was set to make
the most significant difference in the distribution. The frac-
tional dimension describes the probability that any two
points xðnÞ and xðkÞ on the attractor are separated by a dis-
tance r for some integer q denoted as

C q, rð Þ = rqDq+Dq : ð17Þ

Taking the logarithm of both sides together, the
fractional dimension of the attractor can be obtained, which
in turn defines the degrees of freedom required to describe
the system.

Dq = log C εð Þ log ε: ð18Þ

Lighting consistency in augmented reality systems is
mainly concerned with the effect of lighting conditions in real
scenes on virtual objects, including but not limited to the
light and dark, reflected light, and shadows of virtual objects
affected by the lighting conditions of real scenes, and the cur-
rent research work on lighting consistency is mainly focused
on real environment lighting parameter recovery techniques
and virtual shadow generation techniques [23]. Temporal
consistency in augmented reality is required for augmented
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Figure 3: Plotting of the mutual information function IðtÞ.
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reality systems to enable real-time interaction. Among them,
lighting consistency is based on the premise of geometric
consistency and temporal consistency, because only when
the geometric representation of the scene is recovered effi-
ciently and in real time, the augmented reality system can
perform accurate lighting recovery and obtain a strong sense
of realistic reality fusion effect.

To better control the influence of these two factors on the
spatial coordinates of the avatar model, this paper creates a
new game object with the avatar model as a child game object
and mounts the script to control the movement of the avatar
model along the spline curve on the parent game object of the
avatar model [24]. The script that controls the motion of the
avatar model along the spline curve is mounted on the parent
game object of the avatar model, and the animation state
machine and the animation event callback script that is trig-
gered when the dancesport animation develops to the end are
mounted on the avatar model. All the feature descriptors
extracted by the algorithm rely on the spatial-temporal bod-
ies constructed around the trajectories of the feature points
connected between frames, so the quality of the acquired tra-
jectories directly affects the final recognition results. For the
recognition task with human behavior as the main body,
the trajectory information within the human body area con-
tributes to the final recognition, while the trajectory informa-
tion on the background relative to the human body is
interference information, so we need to try to filter out this
part of the useless trajectory.

4. Analysis of Results

4.1. Chaotic System Identification Results. The segmentation
and recognition processes of consecutive gestures are com-

bined, and gesture frames with segmentation error less than
10% are optimized and considered not affecting the segmen-
tation effect. Random combinations of three independent
gestures are chosen to fully evaluate the performance of seg-
mentation and recognition. The test dataset is partly from the
experimental recruiter and partly from the combination of
previous independent gesture segments, with 200 samples
of each combination type. It was concluded from the experi-
ments on independent gesture recognition that the random
forest classifier was the best, so the random forest classifier
was also used in continuous gesture recognition. Finally,
the results are summarized in Figure 5, and the recognition
rate is about 93.68%, and about 1% of the samples cannot
be applied to the phase space reconstruction method due to
the abnormal motion trajectory capture.

As shown in Figure 6, the movements of the overhead let-
ter gestures are more complex and personalized than those of
the stroke handwriting. The number of frames of letter ges-
tures in the experiment is distributed between 100 and 200,
and the spatial variation of the motion range is between
10% and ~30%, and their characteristic patterns are difficult
to describe by descriptive metrics. In this case, the spectral
analysis method has a stronger adaptive capability than the
sliding window method. Unlike custom boundary condi-
tions, motion segmentation would depend more on the
potential motion properties of the segments of the feature
fragments. The similar spectral shape in dynamic gestures
proves that a deterministic rule does exist in this dynamical
system to derive rich features. Instead of using deep learning
algorithms to make approximate assumptions about model
types, we obtain representations of chaotic dynamics from
experimental data, which in turn are derived to produce fea-
ture vectors. We are not concerned with the local variation of
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the time series but with the overall dynamical properties
embedded and reflected in the phase space. Once the feature
model proves to be effective in simple classifiers, it will fur-
ther assist other learning algorithms for modeling spatiotem-
poral information. It should be emphasized that the
performance of algorithms that perform both segmentation
and recognition processes depends heavily on the develop-
ment of the underlying dynamical properties, and the final
recognition rate is not affected by the 10% bias in the seg-
mentation process.

To compare the algorithmic performance of the chaotic
feature matrix, the experiments compare the performance
of 3D CNN with 3D convolutional deep learning features
and geometric centroid-based descriptive features on raw
data, respectively, as shown in Figure 6. Under the experi-
mental conditions with certain arithmetic power and training
samples, the chaotic feature matrix is generally better than
the 3D convolutional neural network for gesture feature
learning with a small sample volume. In the kinetic feature
description perspective, the chaotic feature approach is
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superior to the feature extraction methods with descriptive
variables such as geometric centroids. To verify the
fractional-order error system with the addition of a control-
ler, a steady state can be effectively reached, thus enabling
synchronous control of the fractional-order chaotic system.
After the fractional-order error system is added to the
fractional-order controller, the error system can converge
to zero within a maximum of 40 s, which means that the
fractional-order error system reaches a stable state in a finite
time. Meanwhile, Figure 6 shows that the state variables of
the drive and response systems are synchronized within
40 s, thus verifying the correctness and effectiveness of the
designed fractional-order controller.

4.2. Human Motion Recognition Results. The focus of the
two-arm spread width measurement is to locate the position
of the left and right middle fingertip points at the horizontal
limit position. The straight line where the leftmost and right-
most edges of the detection rectangle of the left and right
palms are located is used as the straight line where the left
and right middle fingertip points are located, and the hori-
zontal coordinates of the leftmost and rightmost edges of
the detection rectangle of the palms are subtracted to obtain
the two-arm spread width. The measurement principle of
two-elbow spread width is like that of two-arm spread width.
The line where the leftmost and rightmost edges of the left
and right fist detection rectangles are located is used as the
line where the left and right elbow tips are located, and the
horizontal coordinates of the leftmost and rightmost edges
of the detection rectangles are subtracted to obtain the two-
elbow spread width. The first 100 frames of the hand motion
video are taken as the object of study, and the change curves
of the hand length video measurements of target 1 and target
2 are shown in Figure 7. Since the hand motion of target 1 is
more stable than that of target 2, the hand length measure-

ment of target 1 is also relatively more stable, and the mea-
surement results are mainly distributed in the range of
16.0 cm~18.0 cm. Target 2’s hand length measurement error
is largely due to the large change in the size of the left and
right palm detection frames due to the large wave of the
hand, and the rectangular frame is often large and small in
the initial 20 frames.

From the experiment, to obtain more accurate hand
length measurement results in real time, one should try to
keep the palm facing the lens and the hand to do the transla-
tional movement. In the case of rapid movement or rotation
of the palm, the palm detection results are less accurate; at
this time, the average value should be solved based on multi-
ple measurements, to effectively reduce the hand length mea-
surement error. It can be assumed that the dynamic system
conforms to the nonlinear Gaussian model.

Figure 8 shows the real and measured extension lengths
of the two experimental subjects, and the relative errors of
the extension length measurements of targets 1 and 2 were
3.11% and 2.27%, respectively. Analyzing the sources of
errors in the extension length measurement, we can see that
the horizontal coordinates of the right shoulder peak point
were considered to be the same as the horizontal coordinates
of the center of the right-hand rectangular box, which
were overcalculated about half of the arm width, resulting
in an overestimation of the extension length measurement
by 2-4 cm.

The human body and its joints are irregular geometries,
and all kinds of human limb movements are variable speed
curved movements in a three-dimensional space. Therefore,
in the process of shooting a human motion video, errors such
as shooting distance, angle, focal length, lens curvature, and
scale inevitably occur, and there are also machine errors
caused by camera shake and human errors introduced in
the image processing process. Therefore, it is necessary to
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conduct a detailed analysis of the sources of error in the video
measurement of human parameters and take effective mea-
sures to control the sources of error and minimize the error
in the measurement of human dimensions. Lens aberration
is related to the type of camera lens, focal length and aperture
settings, and other factors. Usually, the lens aberration is
inversely proportional to the focal length. Therefore, in
human parameter measurement experiments, digital cam-
eras with medium and long focal length lenses should be
selected for human motion video shooting as much as possi-
ble. In addition, the size of the aperture also affects the effect
of aberration. In general, if the aperture of the aperture is
smaller, the blurring and aberration of the image caused by
spherical and coma aberration will be smaller.

5. Conclusion

In this paper, a framework for the study of nonlinear dynam-
ics based on chaos theory is developed. Dynamic reconstruc-
tion can be defined as the identification of mappings, used to
provide models for unknown multidimensional dynamical
systems, hoping to find the appropriate mapping dimension
of data points in the phase space to model the dynamics of
a time series generated by a physical system with known
chaos. The main motivation for dynamical reconstruction is
to derive practical meaning from such a time series, thus
bypassing the detailed mathematical knowledge needed to
study the underlying dynamics. An important feature of the
stability of nonlinear dynamical systems lies in the fact that
it is characteristic of the whole system and explores some
form of coordination between the individual parts. Accord-
ing to the dynamic reconstruction approach, we first need
to verify whether the gesture interaction information is com-
patible with the conditions for constructing a nonlinear
dynamical system and then to determine the system stability
by studying the stability problem through the Lyapunov

direct method, which further verifies the deterministic state
of the gesture motion system and proves the hypothesis that
the gesture motion system with a multidegree-of-freedom
structure can be analyzed by modeling chaotic dynamics.
Finally, we concentrate on the behavior of nonlinear dynam-
ical systems inscribed by fixed point attractors or singular
attractors and seek suitable machine learning classification
methods for the invariant features they possess.
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