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Abstract

Dynamic textures are sequences of images (video) with the concept of tex-
ture patterns extended to the spatiotemporal domain. This research field has
attracted attention due to the range of applications in different areas of science
and the emergence of a large number of multimedia datasets. Unlike the static
textures, the methods for dynamic texture analysis also need to deal with the
time domain, which increases the challenge for representation. Thus, it is im-
portant to obtain features that properly describe the appearance and motion
properties of the dynamic texture. In this paper, we propose a new method for
dynamic texture analysis based on Deterministic Partially Self-avoiding Walks
(DPSWs) and network science theory. Here, each pixel of the video is considered
a vertex of the network and the edges are given by the movements of the deter-
ministic walk between the pixels. The feature vector is obtained by calculating
network measures from the networks generated by the DPSWs. The modeled
networks incorporate important characteristics of the DPSWs transitivity and
their spatial arrangement in the video. In this paper, two different strategies are
tested to apply the DPSWs in the video and capture appearance and motion
characteristics. One strategy applies the DPSWs in three orthogonal planes and
the other is based on spatial and temporal descriptors. We validate our pro-
posed method in Dyntex++ and UCLA (and their variants) databases, which
are two well-known dynamic texture databases. The results have demonstrated
the effectiveness of the proposed approach using a small feature vector for both
strategies. Also, the proposed method improved the performance when com-
pared to the previous DPSW-based method and the network-based method.
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1. Introduction

1.1. Contextualization and Motivation

Dynamic textures are sequences of images with texture patterns in motion
that exhibit certain stationary in time [1, 2]. Polana et al [3] defined that dy-
namic textures have statistical regularity, but with a space-time extension char-
acterized by non-rigid complex motion. This occurs because complex motions
are driven by non-linear dynamical systems with certain chaos [4]. Examples
of dynamic textures in the real world include sea waves, smoke, swaying trees,
moving flag, fire, crowd of people, among others.

The motivation for the characterization of dynamic texture video is a great
potential for application in different fields of science and problems. In addition,
the increase in the number of multimedia databases has motivated the investi-
gation and development of approaches for video characterization. Concerning
the applications, the methods for dynamic textures characterization are impor-
tant tools. For example, in the Ref. [5] dynamic textures approaches were used
to forest fire detection. On the other hand, in [6] the authors proposed an ap-
proach for automatic segmentation of liver in ultrasound based on a dynamic
textures approach. In facial recognition, the research using dynamic texture de-
scriptors has obtained promising results for problems such as biometric systems
and human-computer interaction [7]. Besides that, other important applications
may be cited such as traffic condition recognition [8], human activity recognition
[9], surveillance [10], video retrieval system [11], among others.

1.2. Related works

The challenges in dynamic textures analysis are related to simultaneous
combination of spatial and temporal characteristics. In the last years, many
approaches have been proposed based on different ways to analyze the prop-
erties of the dynamic textures. These approaches can be divided into six cat-
egories: motion-based methods, model-based methods, filter-based methods,
statistical-based methods and, agent-based methods. Motion-based methods
are the most popular due to the low computational cost and its efficiency in
the motion analysis, such as optical flow [3, 12]. The methods from the model-
based category represent the dynamic textures through mathematical models,
such as dynamic linear system [13], neural networks [14] and hidden markov
model [15]. Gonçalves et al [16, 17] also proposed a complex network model for
modeling and characterizing of appearance and temporal features from dynamic
textures. The filter-based methods characterize the dynamic texture by means
of decomposition at different scales using spatio-temporal filtering. In this cat-
egory, Wildes and Bergen [18] analyzed local space-time patterns, their orien-
tation and energy, through energy-oriented filters. Other authors used wavelet
transform [19, 20, 21] and Gabor filters [22]. In the statistical-based methods
category, the approaches use statistical properties of the gray level distribution
and calculate local characteristics of each pixel [23]. Most of the methods of
this category are adapted from static textures approaches, such as the Gray
Level Co-occurrence matrix (GLCM) [24] and Local Binary Pattern (LBP) [25].
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Among the several methods of this category, the most known are LBP-TOP [26],
VLBP [10], CVLBP [27], HLBP [28], WLBPC [29] and MEWLSP [30]. In the
last category, the methods use agents to extract spatial and motion information
from the dynamic textures [31, 8]. These methods use Deterministic Partially
Self-avoiding Walks (DPSWs) applied in three orthogonal planes to describe the
dynamic textures. The obtained results showed the potential of this approach
in classification, clustering, and segmentation of dynamic textures.

1.3. Contributions of this paper

In this paper, we propose a new method for dynamic textures analysis based
on networks generated by deterministic partially self-avoiding walks. In the pre-
vious work [16] based on networks, the dynamic texture is modeled as a network
and degree measurements are used to characterize the dynamic textures. How-
ever, in network modeling, which is a challenging problem in network sciences
theory, the method uses four parameters to represent the dynamic texture as
a network. Therefore, a new and more effective network modeling for dynamic
textures is needed.

On the other hand, the DPSWs was introduced initially in physics to inves-
tigate and analyze the effect of simple walks in regular and random media[32].
Then, the DPSW was applied on image and video analysis obtaining promising
results [33, 34, 35, 31, 8]. The DPSW can be interpreted as a tourist or agent
who wants to visit pixels distributed on an image or video. The agent starts
the walk from a pre-defined pixel and follows the rule of movement: go to the
nearest pixel (the distance is the difference of gray levels) that has not been vis-
ited in the last µ steps (memory) [32]. A walk is started from each pixel of the
video and the trajectory produced by the DPSW is composed of two parts: the
transient and the attractor. The transient is the initial part and the attractor
is following pixels that form a cycle where the agent gets stuck. Despite the
promising results achieved by the previous works in dynamic textures [31, 8],
the authors consider only a joint probability distribution of transient size and
attractor size to describe the dynamic textures.

This paper introduces a new way based on networks to describe the DPSW
trajectories, which certainly obtain more information than only the sizes of
transient and attractor used in the previous works. To achieve this, we consider
two different strategies (three orthogonal planes and, spatial and temporal de-
scriptors) to perform the DPSWs in the videos and thus obtain appearance and
motion characteristics. From a given strategy, networks are built considering
each pixel as a vertex and the edges are given by the movements of the agent
between the pixels. A movement of the agent between two pixels i and j repre-
sents an edge connecting the corresponding vertices vi and vj . Once obtained
the networks, its topological characteristics are used to compose the feature vec-
tor. In this approach, instead of using only the size and frequency of trajectories,
we consider their distribution and spatial arrangement in the video. Therefore,
our approach has as advantages: the ability to describe the trajectories with
more discriminative information and, a new and simple network modeling for
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dynamic textures that uses only two parameters (rule of movement and memory
size).

This paper starts presenting an overview about the deterministic partially
self-avoiding walk and network sciences in Section 2. Section 3 details our pro-
posed method to dynamic texture analysis. The experimental setup is described
in Section 4. In Section 5 the experimental results Section 6.

2. Background

2.1. Deterministic Partially Self-avoiding Walks

Deterministic partially self-avoiding walks emerged as an approach to study
regular and random media, obtaining promising results [32]. These deterministic
walkers are agents capable of obtaining rich information about the environment
in which they are performed. Posteriorly, the DPSWs was introduced in differ-
ent computer vision tasks, such as static texture analysis [36, 33, 34, 35] and,
dynamic texture classification and segmentation [31, 8]. Also, DPSWs have
been generalized to complex network classification [37].

In this section, we describe the theory of the DPSWs for image and in
Section 3, we present the proposed method. Thus, consider a two-dimensional
image composed of a finite set of pixels P , where each pixel has a mapping
i = (xi, yi), and an gray intensity I(i) ∈ [0255]. The neighborhood η(i) of a
pixel i is composed of pixels j whose the Euclidean distance of i is smaller or
equal than

√
2, according to

η(i) = {j |
√

(xi − xj)2 + (yi − yj)2 ≤
√

2}. (1)

The distance between two neighboring pixels i and j is given by the modulus
of the difference between its gray intensities:

ω(i, j) =| I(i)− I(j) | . (2)

From the above definitions, the DPSWs are performed on the pixels P . The
DPSW is a walker or agent that walks on the pixels according to a deterministic
rule. The agent starts the walk from a pre-defined pixel i and the rule of
movement r to move to the next pixel j is: go to the pixel j in neighborhood
η(i) which minimizes the distance ω and that has not been visited in the previous
µ steps (i.e. that is not in memory j /∈ Mµ). This rule of movement will be
named as r = min. In addition, another rule of movement that moves the
agent in the direction of the maximum distance ω is considered (r = max).
Each rule of movement guide the agent to different trajectories, thus different
characteristics of the image are analyzed. The walk ends when the agent finds
an attractor, that is, a set of pixels in which it can not escape.

The memory Mµ of size µ is a set of pixels that the agent cannot visit.
This memory is updated in each step of the agent in order to save the last µ
pixels visited. The agent produces a trajectory that can be divided into two
parts: transient and attractor. The transient is an initial part of size τ and, the
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attractor is the final part, which consists of pixels that form a cycle of period
ρ ≥ µ + 1 where the agent gets stuck. In some cases, due to the layout of
neighboring pixels and the memory size µ, the agent cannot find an attractor.
In this case, the trajectory is considered only by the transient part. For each
pixel of the image, a DPSW is started with a given memory size µ and a rule
of movement r, producing different trajectories. Thus, on an image with N
pixels, we obtain N trajectories. Figure 1(a) illustrates a DPSW trajectory on
an image using memory size µ = 5 and rule of movement r = min. The blue
squares represent the transient and the green squares the attractor.

101 150 177 178 75

200 104 160 26 66

210 200 130 139 20

122 177 134 255 140

145 13 134 138 25

123 5 3 135 26

122 21 199 40 33

(a) Image (b) Network generated by a walk

Figure 1: Example of a DPSW with memory µ = 5 and rule of movement r = min performed
in a gray-scale image and its network generated.

2.2. Networks

Network sciences or complex networks is a research field that uses the for-
malism of graph theory, but with the incorporation of methods derived from
statistical mechanics and complex systems. In the last decades, the studies of
network sciences have become useful due to its ability to represent and analyze a
wide variety of systems in different areas, such as social networks [38], biological
[39], physics [40], technological [41], among others. Besides that, the network
science theory has also been successfully applied in different computer vision
tasks, such as texture analysis [42] and shape classification [43].

Formally, a network is represented by a pair G = (V,E), where V =
(v1, v2, ..., vN ) is a set of N vertices and E = (e1, e2, ..., eM ) is a set of M edges.
The network may be weighted, in this case, the edges have weights w(ev,v′),
which are associated with some measure of the network, such as the distance of
roads connecting cities.

For network topological analysis, measures based on the degree of the vertices
are the most used. The degree k of a vertex v is the number of connections
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incident on it, according to

kv =
∑
v′∈V

{
1, ev,v′ ∈ E
0, ev,v′ /∈ E.

(3)

On the weighted network, we also have the weighted degree, which is the
sum of the edge weights and is given by

kwv =
∑
v′∈V

{
w(ev,v′), ev,v′ ∈ E

0, ev,v′ /∈ E.
(4)

Using the degree of each network vertex, the degree histogram h is obtained
as

h(k) =
∑
v∈V

{
1, kv = k
0, otherwise.

(5)

The histogram is a simple and powerful representation of the statistical prop-
erties of the network topology. Using the degree histogram, a probability density
function can be computed. This one indicates the probability of occurrence P (k)
of a given vertex v has degree k and is given by

P (k) =
h(k)∑K
k=0 h(k)

, k = 0, 1, ...,K (6)

where K is the maximum degree of the network. By means of the proba-
bility function P (k), various first-order statistics can be calculated. In order to
characterize the network topology, we compute the following measures from the
probability function: the energy E, entropy H and contrast C. These measures
are described as

E =

K∑
k

P (k)2 (7)

H =

K∑
k

P (k) logP (k) (8)

C =

K∑
k

P (k)k2. (9)

Another vertex measure considered is the joint degree. This is a correlation
measure between the degree of two connected vertices. Thus, the joint degree
k̂v of a vertex v is the probability of the vertex v and a neighboring vertex v′

have the same degree:

k̂v =
c(v)

kv
(10)

where c(v) = |{v′ ∈ V |ev,v′ ∈ E ∧ kv = kv′}| is the number of connected
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vertices to the vertex v with the same degree kv and |.| is the cardinality of the
set.

3. Proposed Method

In this section, we present the proposed method for dynamic textures anal-
ysis combining DPSWs and complex networks. The proposed method may be
described in three main steps: (i) based on a strategy, DPSWs are performed
in the video; (ii) the trajectories of the DPSWs are modeled as networks; (iii) a
feature vector is built using the topological characteristics of the modeled net-
works. These three steps are illustrated in Figure 2. The main differences of
the proposed approach for previous works based on DPSWs [31] and complex
networks [16] are: (i) in this work, the set of trajectories is modeled as a net-
work while previous work [31] only consider the joint probability distribution
of the size of attractor and transient; (ii) the networks are generated from the
DPSWs trajectories while the previous work [16] is based on four parameters
for modeling. Next, we describe the proposed approach.

(a)

(b)
(c)

Figure 2: Illustration of the proposed method. (a-b) DPSWs are performed in the video
using a strategy (orthogonal planes or temporal and spatial descriptors), (c) the trajectories
are modeled as networks and its topological characteristics are used to compose the feature
vector.

3.1. Strategies for DPSW in videos
In this section, we present two different strategies to apply the DPSWs in

videos. Basically, these strategies define the neighborhood function η(i) used to
perform the DPSWs in the videos of dynamic texture. Therefore, the difference
of the DPSWs in videos for images is the definition of the neighborhood function.
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3.1.1. Spatial and Temporal Descriptors - STD

A video of dynamic texture consists of a finite set of pixels P and a mapping
I that assigns to each pixel i = (xi, yi, ti) ∈ P a gray level I(i) ∈ [0, 255]. The
coordinates of the video are defined as: xi ∈ [0,W ] and yi ∈ [0, H] are the
spatial coordinates and ti ∈ [0, T ] is the temporal coordinate of the video. Each
pixel has a neighborhood η(i) containing the neighboring pixels.

The proposed strategy is to separate the video in spatial and temporal de-
scriptors to apply the DPSWs, as illustrated in Figure 3. Basically, a neigh-
borhood function η(i) is defined for each descriptor, changing the trajectory of
the DPSWs and allowing to explore different properties of the dynamic texture
present in the video.

(a) Spatial Descriptor (b) Temporal Descriptor

Figure 3: Illustration of the spatial and temporal descriptors of a dynamic texture video.

The spatial descriptor S aims to describe the appearance characteristics
present in dynamic textures. Thus, the agent will walk only on pixels that
belong to the same frame of the video, as illustrated in Figure 3(a). That
is, the spatial variance of the dynamic textures are described for each frame,
independently [31]. Therefore, the neighborhood η(i)S is defined as the pixels
j whose the Euclidean distance between i and j is less than

√
2 and the time

coordinates ti and tj are equals, according to:

η(i)S = {j |
√

(xi − xj)2 + (yi − yj)2 ≤
√

2 and ti = tj}. (11)

The temporal descriptor T highlights the motion characteristics of the dy-
namic texture. In this descriptor, the agent walks between different frames
hence it characterizes the temporal variance of the dynamic textures (Figure
3(b)). Thus, the neighborhood η(i)T is given by pixels j whose Euclidean dis-
tance is less than

√
3 and the coordinate ti and tj are different, according to

η(i)T = {j |
√

(xi − xj)2 + (yi − yj)2 + (ti − tj)2 ≤
√

3 and ti 6= tj}. (12)
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3.1.2. Three Orthogonal Planes - TOP

The second strategy considered to perform DPSWs in the dynamic texture
videos is the slicing of the video into Three Orthogonal Planes (TOP) [26, 31].
The three planes named XY , XT and Y T are shown in Figure 4. Basically, the
planes define the neighborhood function η(i) of a pixel, changing the trajectories
of the agent. The idea is each plan highlight different characteristics of the video:
the XY plane enhances appearance characteristics, while the XT and Y T planes
correspond to the motion characteristics.

(a) XY (b) XT (c) Y T

Figure 4: Illustration of the three orthogonal planes of a dynamic texture video.

In the XY plan, the agent walks only on pixels belonging to the same frame,
characterizing the spatial variance of the gray level distribution of the dynamic
texture. Therefore, the neighborhood ηXY (i) of a pixel i in the XY plan is
defined as all pixels j that are at a Euclidean distance lesser or equal to

√
2 and

the temporal indexes ti and tj are equals, according to:

η(i)XY = {j |
√

(xi − xj)2 + (yi − yj)2 ≤
√

2 and ti = tj}. (13)

For the XT plan, the neighborhood ηXT (i) of a pixel i is defined as the
pixels j whose Euclidean distance is lesser or equal to

√
2 and if the coordinates

yi and yj are equal, as given by:

η(i)XT = {j |
√

(xi − xj)2 + (ti − tj)2 ≤
√

2 and yi = yj}. (14)

Finally, in the Y T plan, a pixel j belongs to the neighborhood ηY T (i) if the
coordinates xi and xj are equals, according to:

η(i)Y T = {j |
√

(ti − tj)2 + (yi − yj)2 ≤
√

2 and xi = xj}. (15)

3.2. Modeling DPSWs Trajectories in Networks

Basically, each trajectory consists of a sequence of pixels visited by the de-
terministic walker based on a given memory µ and a rule of movement r. To
analyze such trajectories, each movement performed by the walker between two
pixels is considered an edge of a network [34]. In this way, a network can be
constructed from the set of trajectories performed by DPSWs in a video.
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Consider a network Gµ,r generated by DPSWs with memory size µ and rule
of movement r. This network consists of a pair Gµ,r = (V,E), where V is a set
of vertices and E the set of edges. Each vertex vi corresponds to a pixel i of the
video, and as the agent moves from pixel i to pixel j in the video, an non-directed
edge evi,vj is added to the set E connecting the vertices vi and vj . The agent
will move according to a deterministic rule r (minimum min or maximum max)
and a memory Mµ of size µ until it gets stuck in an attractor. It is important
to note that the agent can move between two pixels many times, however, only
one edge connecting the corresponding vertices is added to the set E. That is,
an edge evi,vj is only added to the set E if evi,vj /∈ E. In addition, each edge has
a weight corresponding to the modulus of the intensity difference between the
two pixels representing the vertices ω(evi,vj ) =| I(i)− I(j) |. Therefore, given a
trajectory of size (l = τ + ρ) started from a pixel, its conversion into edges can
be defined as

l−1⋃
j=1

E = {evj ,vj+1
| evj ,vj+1

/∈ E}. (16)

Figure 1 shows a trajectory of a DPSW performed in an image and the
network generated by it. In the image (Figure 1(a)), each pixel is represented
by a square with its gray level. The transient of the trajectory are the blue
squares and the attractor is represented by the green squares. Considering each
pixel as a vertex and each step of the DPSW as an edge, a network is generated
(Figure 1(b)).

Each pixel is taken as an initial condition of a DPSW. Thus, N trajectories
are produced for a video of N = W ×H ×T pixels. Given these N trajectories,
a network without disconnected vertices can be constructed. Since the DPSWs
are based on the gray level variation of the video, the network edges directly
reflect the texture patterns. In this way, the network topology has information
about the transients and attractors and, consequently, important properties of
the dynamic texture. In order to characterize the movement and appearance
patterns present in the dynamic textures, we present two different strategies to
apply the DPSWs in the videos and obtain networks. Next, these two strategies
are described in detail.

3.2.1. Spatial and Temporal Descriptors - STD

In this section, we build the network using the spatial and temporal descrip-
tors strategy (Section 3.1.1). Thus, given a video and considering the spatial
descriptor S, DPSWs with a memory size µ and rule r are performed to generate
a network GSµ,r. This network represents the transitive and attractive regions of
the spatial descriptor and, consequently, characterizes the appearance properties
of the dynamic texture.

On the other hand, for the temporal descriptor T , another network GTµ,r
is generated with DPSWs using a memory size µ and rule r. The generated
network contains information of the trajectories performed by the agent in the
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time. Thus, movement characteristics of the dynamic texture are modeled. Fig-
ure 5 illustrates the networks generated by the DPSWs in three frames (Figure
5 (a)) for the two descriptors.

(a) Three frames

(b) Spatial Descriptor (c) Temporal Descriptor

Figure 5: Networks generated by DPSWs for the spatial and temporal descriptors of a video
with three frames (a). In the spatial descriptor, the edges connect only vertices that correspond
to pixels of the same frame, while in the temporal descriptor the edges connect vertices that
represent pixels of different frames.

3.2.2. Three Orthogonal Planes - TOP

In order to generate networks with characteristics of movement and appear-
ance, DPSWs are performed independently in each orthogonal plane. Thus,
given a video, DPSWs with memory µ and rule r are performed independently
in the planes XY , XT and Y T to generate the corresponding networks GXYµ,r ,

GXTµ,r and GY Tµ,r . Such networks are responsible for describing the characteristics

of appearance (GXYµ,r ) and movement (GXTµ,r and GY Tµ,r ) of the dynamic texture.
Figure 6 illustrates the networks generated by the DPSWs for each orthogonal
plane of three frames (Figure 6(a)).
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(a) Three frames (b) XY

(c) XT (d) Y T

Figure 6: Modeling DPSWs trajectories in networks for the three orthogonal planes of the
video.

3.3. Feature Vector

The proposal of this approach is to use the topological characteristics of the
networks generated by the DPSWs to characterize the dynamic textures. For
this, we consider measures of complex networks based on the degree k, weighted
degree k and joint degree k̂ of the vertices. These measures may quantify the
agent behavior in a certain region of the network and as a consequence in the
dynamic texture [34]. For example, vertices with the same degree can indicate
that the agent has the same behavior in that region.

From these vertices properties, it is possible to calculate the degree distri-
bution P (k). Then, the following heterogeneity measures are obtained from the
distribution P (k) (described in Section 2.2): entropy H, contrast C and energy
E. In addition, we also use the entropy of the joint degree

Ĥ =

N∑
vi

k̂vi log2[k̂vi ], (17)

and the energy of the weighted degree,

E =

N∑
vi

kvi
2
. (18)

Although simple, these measures are effective for network characterization
and it can be calculated quickly.
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To characterize a dynamic texture video, a network GΘ
µ,r for a descriptor

or orthogonal plane Θ is generated by DPSWs with a memory size µ and rule
r. Then, the five statistical measures described above are extracted from the
network to compose the feature vector,

V Θ
µ,r = [HΘ

µ,r, C
Θ
µ,r, E

Θ
µ,r, Ĥ

Θ
µ,r, E

Θ

µ,r] (19)

From this feature vector, it is possible to measure the dispersion of vertex
pairs with the same degree and the network heterogeneity, characterizing the
agent behavior in the dynamic texture.

To combine appearance and movement characteristics, we concatenate the
feature vector V Θ

µ,r according to the strategy to perform the DPSWs in the video.
In the strategy of spatial and temporal descriptors, measurements obtained of
networks generated from each descriptor are combined to create a vector υµ,r,
which contains appearance and movement characteristics, according to

υµ,r = [V Sµ,r, V
T
µ,r]. (20)

Similarly, in the strategy of orthogonal planes, measurements extracted from
the three planes are concatenated to compose a vector ϕµ,r, given by:

ϕµ,r = [V XYµ,r , V
XT
µ,r , V

Y T
µ,r ]. (21)

The trajectory depends on the rule of movement and the memory size used by
the DPSW. In order to characterize different properties of the dynamic texture,
statistical measures are extracted from networks generated by DPSWs with dif-
ferent memory sizes µ. Thus, a combined feature vector υr for the STD strategy,
which considers information from networks generated by different memory sizes
and using a rule r, is given by:

υr = [υµ1,r, υµ2,r, ..., υµn,r]. (22)

Similarly, a combined feature vector ϕr for the TOP strategy is used, ac-
cording to:

ϕr = [ϕµ1,r, ϕµ2,r, ..., ϕµn,r]. (23)

Finally, a final feature vector combining the two rules of movement can be
considered. Indeed, each rule of movement produces different trajectories and,
consequently, networks with different information. Thus, the combination of the
two rules may produce a vector with new information that improves the classi-
fication performance. Although this occurs in most cases, this improvement is
not a rule, as seen in Section 5.1. The final vector for the strategy of spatial
and temporal descriptors is given by

υ = [υmin, υmax], (24)

on the other hand, the feature vector for the strategy of orthogonal planes
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is defined as:

ϕ = [ϕmin, ϕmax]. (25)

4. Experimental Setup

In all experiments, a feature vector is extracted from each dynamic texture
video and the 1-Nearest Neighbor (1NN) classifier is used to classify the samples.
A specific scheme was adopted for each database to separate the training and
test set. Next, each database is described in detail.

• Dyntex++ [44]: this database is a compiled version of the Dyntex database
[45]. On this database, the samples were preprocessed by [44] to evidence
only their dynamic texture, eliminating samples with static or dynamic
non-representative backgrounds, zoom, and textures without movement.
This preprocessing is described in [44]. Thus, each sample has a unique
dynamic texture class. The database consists of 3600 dynamic texture
videos, divided into 36 classes with 100 samples each. Some dynamic
textures present are boiling water, river water, colony of ants, smoke,
among others. In the experiments, a 10-fold cross-validation scheme with
10 trials was used as well as in [16].

• UCLA [46]: is widely used by the computer vision community as a bench-
mark for evaluating methods of dynamic texture recognition. It consists
of 200 dynamic texture videos separated into 50 classes with 4 samples per
class (UCLA-50 version). Each video contains 160×110×75 pixels and it
was captured from a single point of view. In this way, each video was cut
in a window of 48× 48× 75 pixels in order to obtain representative statis-
tical and dynamic characteristics. This database also has two variations
of the original database proposed in [47]. In these variations, the database
is reorganized in order to combine samples from different viewpoints. In
the first variation, the samples are reorganized into 9 classes (UCLA-9):
boiling water (8 samples), fire (8), flower (12), fountains (20), plants (108),
sea (12), smoke (4), water (12) and waterfall (16). As the plants class has
more samples than others, their samples are eliminated, generating a sec-
ond variation with 8 classes (UCLA-8). To evaluate the proposed method,
we have adopted an experimental setup similar to [47]. In UCLA-50 was
used a 4−fold cross-validation scheme to separate the training and testing
sets with 10 repetitions In UCLA-8 and UCLA-9 databases, for the testing
set, half of the sequences are randomly selected from each class, and the
remaining half is used for training. For these databases, the correct clas-
sification rate (CCR) or accuracy is reported as the average performance
of all experimental trials.
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5. Results and discussion

5.1. Parameter Analysis

In this section, we analyze the parameters of the proposed method and its
impact on the task of dynamic textures recognition. The parameters of the
proposed method are: (i) memory sizes µ − (ii) rule of movement r − (iii)
measures of complex networks. In these experiments, we used the UCLA-50
and Dyntex++ databases.

Initially, we considered the five measures of complex networks for the method
analysis: entropy H, contrast C, energy E, entropy of the joint degree Ĥ and
energy of the weighted degree E. Table 1 summarizes the results for different
memory sizes combined (feature vector υr) and rules of movement using the STD
strategy to perform the DPSWs in the videos. The results show an improvement
in the correct classification rate as we combine more than two memory sizes.
However, when using more than five memory sizes, the accuracy obtained starts
to oscillate down, suggesting that the proposed descriptors have reached their
limits.

Concerning to rule of movement, in most cases the rule r = min obtained
better classification rates than r = max on the UCLA-50 database, on the other
hand, the rule r = max achieved highest accuracies on the Dyntex++ database.
Nevertheless, the highest accuracies were obtained using the rules r = min and
r = max combined (feature vector υ). For the UCLA-50 database, the highest
accuracy was 98.0%, while for the Dyntex ++ database it was 92.6%. These
results were obtained by concatenating the memory sizes µ = [0, 1, 2, 3] and
µ = [0, 1, 2, 3, 4, 5, 6, 7, 8] for the UCLA and Dyntex++ databases, respectively.
However, note that the variance in accuracy for different concatenations of mem-
ory sizes is very low. This indicates that the method is not very sensitive to
this parameter.

Table 1: Classification results of the STD strategy using different combinations of memory
sizes and rules of movement on two databases.

{u1, u2, ..., um}
UCLA-50 Dyntex++

υmin υmax {υmin, υmax} υmin υmax {υmin, υmax}
{0} 87.00 91.00 96.50 78.56 84.28 90.00
{0, 1} 87.00 91.00 96.50 78.56 84.28 90.00
{0, 1, 2} 93.50 93.50 97.50 83.22 87.17 91.53
{0, ..., 3} 94.50 93.50 98.00 84.19 87.89 91.75
{0, ..., 4} 94.00 94.00 97.50 84.86 88.31 92.00
{0, ..., 5} 95.50 94.00 97.50 85.08 88.58 92.06
{0, ..., 6} 95.50 94.00 97.50 85.11 88.64 92.19
{0, ..., 7} 96.00 93.50 97.50 85.39 88.67 92.39
{0, ..., 8} 96.50 94.00 97.50 85.69 88.67 92.60

Table 2 presents the results of the experimental analysis conducted for the
strategy of three orthogonal planes. On the UCLA-50 database, the accuracy
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does not improve significantly as we combine more than one memory size. On
this database, the highest accuracy 92.50% was obtained using µ = [0, 1] and
rule of movement r = max. On the Dyntex++ database, an improvement
in accuracy is obtained as we combine more than two memory size. For this
database, the rules of movement r = min and r = max combined and the
memory sizes µ = [0, 1, 2, 3, 4, 5, 6] achieved the highest accuracy.

Table 2: Classification results of the TOP strategy using different combinations of memory
size and rules of movement on two databases.

{u1, u2, ..., um}
UCLA-50 Dyntex++

ϕmin ϕmax {ϕmin, ϕmax} ϕmin ϕmax {ϕmin, ϕmax}
{0} 82.50 91.50 92.50 83.00 89.97 92.56
{0, 1} 82.50 91.50 92.50 83.00 89.97 92.56
{0, 1, 2} 82.00 91.50 90.50 87.33 91.86 93.22
{0, ..., 3} 81.50 92.00 91.00 88.11 92.22 93.39
{0, ..., 4} 82.00 92.50 90.50 88.75 92.50 93.36
{0, ..., 5} 82.50 91.50 90.00 89.17 92.31 93.42
{0, ..., 6} 82.00 91.00 89.00 89.17 92.47 93.47
{0, ..., 7} 83.00 91.00 89.00 89.19 92.64 93.42
{0, ..., 8} 83.00 91.50 89.00 89.39 92.67 93.42

Finally, we analyze the performance of the method for different combinations
of complex networks measures. Table 3 presents the correct classification rates
for the different combinations of statistical measures using the STD strategy.
Note that the combination of the five statistical measures obtained the best
performance on two databases. The results also show that when considering
a single measurement for characterization, the best performance was obtained
with the entropy H.

Table 4 presents the results with different combinations of statistical mea-
sures for the TOP strategy. In this strategy, the combination of the five measures
also presented the best accuracy on the two databases. In addition, the contrast
of the degree distribution obtained a higher accuracy than other measures. In
both strategies, the combination of the five measures provided the best accu-
racies. Such behavior corroborates that the five statistical measures are robust
for characterization of the dynamic textures. However, it is important to note
that in some cases other combinations have provided interesting results, such
as the energy and the weighted degree ([E,E]), and entropy and the energy of
the degree weighted ([H,E]).

5.2. Comparison with other methods

In this section, the proposed method is compared to other methods of the
literature. For this, the correct classification rates, standard deviation, and the
number of features (when described in the original articles) of the methods are
considered. We used the parameters of the proposed method obtained in Section
5.1.
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Table 3: Results for different combinations of statistical measures of networks generated using
the STD strategy.

Measures Databases

H E C Ĥ E UCLA-50 Dyntex++
x 93.50 88.30

x 92.00 87.41
x 93.00 88.30

x 89.00 87.69
x 91.50 71.77

x x 98.00 89.66
x x 97.50 89.25

x x 93.50 89.47
x x x 95.00 90.27
x x x x 94.50 91.69
x x x x x 98.00 92.60

Table 4: Results for different measures of complex networks generated by the DPSWs using
the TOP strategy

Measures Database

H E C Ĥ E UCLA-50 Dyntex++
x 84.00 89.91

x 76.00 88.67
x 86.50 90.63

x 67.50 90.61
x 79.00 80.41

x x 90.00 91.22
x x 90.00 90.58

x x 89.00 90.00
x x x 90.00 91.80
x x x x 87.50 92.94
x x x x x 92.50 93.50

Table 5 summarizes the classification results obtained by the methods on the
UCLA-50 database. As can be seen, the proposed method using the STD strat-
egy (DPSWNet-STD) outperformed the other methods. On the other hand,
the proposed method using the TOP strategy obtained an accuracy lower than
other methods. Concerning the network-based methods, the proposed method
improves the classification rate compared to the CNDT[16] method by 3.5%.
This method models the network using four parameters (radius and thresh-
olds), while the proposed approach uses the DPSW for modeling. Therefore,
the results suggest that the modeling based on DPSW is more effective for dy-
namic texture recognition. In addition, the proposed modeling uses only two
parameters against four parameters of the CNDT method.

The second comparison was performed using the UCLA-9 database as can
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Table 5: Comparison of the classification results of the proposed method and others on UCLA-
50 database.

Methods Number of features Accuracy (%)
KDT-MD [48] - 89,50
DFS [4] - 89,50
3D-OTF [49] 290 87,10
WLBPC [29] - 96,50
CVLBP [27] - 93,00
HLBP [28] 1536 95,00
MEWLSP [30] 1536 96,50
RI-VLBP [10] 16384 77,50 (± 8.98)
LBP-TOP [26] 768 95,00 (± 4.44)
DPSW -TOP [8] 75 95,00 (± 4.78)
CNDT [16] 420 95,00 (± 5.19)
DPSWNet - STD 80 98,00 (± 3.50)
DPSWNet - TOP 60 93,00 (± 4.25)

be seen in Table 6. Note that the DPSWNet-TOP method obtained a small
improvement over the HLBP, MEWLSP and DNGP methods. In contrast with
the UCLA-50 database, on the UCLA-9 database, dynamic texture samples ob-
tained at different viewpoints are considered the same class. For the UCLA-9
database, the DPSWNet-TOP method gives an accuracy of 99.10% (± 0.86)
against 93.00% (± 4.25) on the UCLA-50 database, an improvement of 6.10%.
This suggests that the DPSWNet-TOP approach is better to recognize dynamic
textures captured at different viewpoints in the same class. In relation to
complexity-based methods (i.e. High level feature, Chaotic vector, 3D-OTF,
and DFS), the proposed methods also improve the classification rate.

The results on the UCLA-8 database are presented in Table 7. Note that
the proposed method obtained 96.55 (± 7.13) and 96.15 (± 7.02) using the STD
and TOP strategies, respectively. This performance is slightly lower than some
literature methods, such as HLBP, MEWLSP and MBSIF methods. However,
it is important to emphasize that the feature vector size of these methods (i.e.,
1536 for HLBP and MEWLSP, and 6144 for MBSIF) is significantly higher than
the feature vector of our method.

Finally, Table 8 shows the results on the Dyntex++ database for different
methods. The proposed method obtained 92.60% (± 1.86) and 93.50% (± 1.27)
using the STD and TOP strategies, respectively. In general, the DPSWNet-
TOP method shows an improvement of 2.11% compared to the DPSW-TOP
method and 9.64% over the CNDT method. The RI-VLBP and LBP-TOP
methods achieved the best accuracies, with 96.14% and 97.72%, respectively.
Nevertheless, the proposed method is still competitive due to the feature vector
size, for example, the RI-VLBP produces a long feature vector of size 16384,
whereas the DPSWNet-TOP extracts only 180 features.

In general, the proposed method obtained competitive results compared to
the other methods. A key point for the dynamic texture methods is the di-
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Table 6: Classification results for all methods on the UCLA-9 database.
Methods Number of features Accuracy (%)
3D-OTF [49] 290 96,32
CVLBP [27] - 96,90
HLBP [28] 1536 98,30
MEWLSP [30] 1536 98,50
MBSIF [50] 6144 98,75
High level feature [51] - 92,60
DNGP [52] - 98,10
WMFS [53] 702 96,95
WLBPC [29] - 97,17
Chaotic vector [54] 300 85,10
RI-VLBP [10] 16384 96,30
LBP-TOP [26] 768 96,00
DPSW -TOP [8] 75 96,33 (± 2.46)
CNDT [16] 336 95,61 (± 2.72)
DPSWNet-STD 80 98,40 (± 2.01)
DPSWNet-TOP 60 99,10 (± 0.86)

Table 7: Comparison results on the UCLA-8 database.

Methods Number of features Accuracy (%)
3D-OTF [49] 290 95.80
CVLBP [27] - 95.65
HLBP [28] 1536 97.50
MEWLSP [30] 1536 98.04
MBSIF [50] 6144 97.80
High level feature [51] - 85.65
DNGP [52] - 97.00
WMFS [53] 702 97.18
WLBPC [29] - 97.60
Chaotic vector [54] 300 85.00
RI-VLBP [10] 16384 91.96
LBP-TOP [26] 768 93.67
DPSW -TOP [8] 75 93.41 (± 6.01)
CNDT [16] 336 94.32 (± 4.18)
DPSWNet-STD 80 96.55 (± 7.13)
DPSWNet-TOP 60 96.15 (± 7.02)

mension of the feature vectors. Nowadays, dynamic texture methods have been
used in different real-time applications in which computational time is impor-
tant. Therefore, a high dimensional feature vector increases the computational
time for dynamic textures classification. Several studies over the last few years
indicate that a low dimensional feature vector is a key point for the success of
the dynamic texture recognition methods [26, 51, 25, 28]. This fact is interesting
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Table 8: Comparison results for different dynamic texture methods on the Dyntex++
database.

Methods Number of features Accuracy (%)
RI-VLBP [10] 16384 96.14 (± 0.77)
LBP-TOP [26] 768 97.72 (± 0.43)
DPSW -TOP [8] 75 91.39 (± 1.29)
CNDT [16] 336 83.86 (± 1.40)
DPSWNet-STD 180 92.60 (± 1.86)
DPSWNet-TOP 210 93.50 (± 1.27)

for the proposed method since their feature vectors are small. For example, for
all UCLA databases, the proposed methods DPSWNet-STD and DPSWNet-
TOP achieve competitive correct classification rates with feature vectors of size
80 and 60, respectively. On the other hand, methods such as HLBP, MBSIF,
and RI-VLBP have feature vectors of size 1536, 6144 and 16384, respectively.

6. Conclusion

In this paper, we have proposed a new method for characterization and
classification of dynamic textures using networks generated by deterministic
partially self-avoiding walks. Using the DPSWs, we have shown two different
strategies to build networks from dynamic texture videos, which allows us to
compose a feature vector based on network topological measures for dynamic
texture classification.

We showed promising results obtained on the UCLA and Dyntex++ databases.
The obtained results are very competitive when compared to other methods,
demonstrating that our approach is highly discriminative in its two strategies
used to generate the networks by DPSWs. Our method also outperformed
the other previous DPSW-based and network-based methods. Moreover, the
proposed method showed that is competitive in terms of feature vector size,
producing feature vectors significantly smaller than other literature methods.
Thus, this tradeoff between performance and dimensionality demonstrates the
great potential of the proposed method in dynamic texture analysis. The future
related works would be to investigate the use of directed networks and different
network measures.
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10-12, 2009 Proceedings, Springer Berlin Heidelberg, Berlin, Heidelberg,
2009, Ch. A Comparison of Wavelet Based Spatio-temporal Decomposition
Methods for Dynamic Texture Recognition, pp. 314–321.
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[31] W. N. Gonçalves, O. M. Bruno, Dynamic texture segmentation based on
deterministic partially self-avoiding walks, Computer Vision and Image Un-
derstanding 117 (9) (2013) 1163 – 1174.

[32] G. F. Lima, A. S. Martinez, O. Kinouchi, Deterministic walks in random
media, Phys. Rev. Lett. 87 (2001) 010603.
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