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ABSTRACT

In this paper, we propose a novel dynamic texture description
method base on spatiotemporal context phrase for general
dynamic texture. Different with the existing methods, we consider
the spatiotemporal context both in the feature extraction phase
and in the feature description phase. We present a space time
constraint and salience rank strategies to extract the representative
interest points. Then, we propose a novel space time context
phrase method to mining and describe the semantic and
spatiotemporal correlation of interest points. Finally, the space
time context phrase is used in the nearest neighbor classifier to
classify dynamic texture scene. We test our algorithm on the
dynamic texture classification and human action classification
tasks on the Dyntex dataset and the KTH dataset, respectively.
The results show that our proposed method outperforms the state-
of-the-art methods on the tasks.

Categories and Subject Descriptors

1.4.7 [Computing Methodologies]: Feature Measurement —
Feature representation, Invariants, Texture

General Terms
Algorithms, Performance, Experimentation.

Keywords
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1. INTRODUCTION

Dynamic texture (DT) is a spatially repetitive, time-varying visual
pattern that forms an image sequence with certain temporal
stationarity [1]. Lots of scenes can be regarded as dynamic
textures in the real world, and Figure 1 shows some samples. In
the last decade, the dynamic texture model has been widely
applied to many computer vision problems, such as video texture
synthesis [1], video texture segmentation, human action
recognition [2, 3, 4], and facial expression recognition[5].

A number of methods have been proposed to achieve robust
dynamic texture description with the motion and appearance
feature, such as the optic flow method [6], LBP analysis method
[5][7], the space-time oriented structure method [8], the
spatiotemporal interest points method [9], the spatiotemporal
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Fig.1 Examples of dynamic textures in the real world (left-to-
right, top-to-bottom): bloom in the wind, working elevator,
smoke, sea wave, vehicular traffic and fluttered flag.

wavelet based method [11].

In [9], the spatiotemporal interest point achieved great success for
local spatiotemporal region representation in human action
recognition, since its robustness for variance in viewpoint,
illuminate and scale. Since general dynamic texture usually
requires global representation, we consider extending the
spatiotemporal interest point to describe and classify the general
dynamic texture. The following two aspects are considered in this
paper: firstly, the spatiotemporal interest point usually is too
sparse and loses the global information. For example, the detector
usually only localizes and extracts the space-time interest point in
the spindrift regions for the sea wave characteristic, but dose not
describe the whole wave scene (Figure 2(a)). On the other hand,
the spatiotemporal context is very important for representing the
dynamic scenes. Although the spatiotemporal context is
concerned for action and scene recognition, the context, between
spatiotemporal interest points, has almost been ignored in many
methods.

In this paper, we propose a spatiotemporal context phrase for
dynamic texture description, leveraging the local interest point
and the spatiotemporal context information. We propose a dense
interest point extraction method by the constraint of
spatiotemporal grid and the saliency ranking. Furthermore, the
spatiotemporal context phrase is extracted from the quantized
visual words using the semantic correlation and spatiotemporal
context. In our experiments, the space-time context phrase set is
built for representation the dynamic texture from the training set
of each category, and is used to classify the dynamic texture with
the nearest neighbor matching.

Our main contribution lies in three aspects:

(1) The spatiotemporal context is considered in feature point
extraction to improve the ability of representation for dynamic
texture.

(2) We propose a novel spatiotemporal context phrase method for
dynamic texture description and classification.



Fig. 2 (a) The samples of spatiotemporal interest points and (b)
the spatiotemporal context interest points.

(3) According to our experiments, the spatiotemporal context
phrase based method can achieve a better performance than the
state of the art methods in dynamic texture classification.

2. SPACE-TIME CONTEXT DETECTOR
2.1 Spatiotemporal Constraint Grid

We employ a spatiotemporal constraint to detect the interest
points. Different with the method in [9], we fix the number of the
interest points in the local grid in the dynamic sequence (see the
details in Section 2.2). The dynamic scene is divided into multiple
overlapped small spatiotemporal patches. We use the overlapped
grids to improve the robustness. The spatiotemporal constraint of
interest points can avoid that the feature point is too sparse to
represent general dynamic texture sequences. This procedure is
shown in Figure 3.

2.2 Saliency Ranking

Similar with the method in [9], we extract the space-time interest
point in the above divided spatiotemporal grid using the Harris-
Laplace spatiotemporal detector. The spatial and time scale space
is produced by the convolution of the image sequence with the
Gaussian kernel, and the spatiotemporal second-moment matrix
M is computed, in which the Gaussian weighting variances are
related with the spatial and time scale, respectively (readers can
find the details in [9]).

In original spatiotemporal detector, to detect interest points, the
eigenvalues A, Ay, and A; are extracted from M. The Harris corner
function is extended to the spatiotemporal domain by combining

Video sequences

Spatiotemporal context interest points

the determinant and the trace of M as follows,
H=det (M) —k -trace’ (M)
=hddy —k(h + 4 +4)

where k is the parameter for evaluating the feature point, and it
usually is fixed. The point will be selected when H fits the
threshold.

(M

Different with the original detector, we define a salience ranking
criterion H' to extract the space-time context interest point as
following

P
(A +4)

The difference between Eq. (2) and Eq. (1) is that A’ only
depends on the ratio but not the fixed parameter &, and the top T’
of H’ interest points are selected from each grid.

@

The two strategies, grid dividing and salience ranking, are used to
generate spatiotemporal context interest point according to the
following reasons: (1) The spatiotemporal grids can fix the
number of spatiotemporal interest points extracted from the
sequence, and avoid the excessive coarse or dense in the regions.
(2) The spatiotemporal context of interest points will serve as the
foundation of spatial-time interest point feature representation.

3. SPATIOTEMPORAL CONTEXT
PHRASE DESCRIPTOR

3.1 Discriminative Spatiotemporal Descriptor
Each detected spatiotemporal interest point is described in HoG
and HoF features [9]. In the description of each interest point, the
hierarchy k-mean clustering is used to quantize the feature, and
the center point (general named visual word) is used as the label
of the cluster.

In the existing methods, different visual words are assigned the
same weights for different categories. As considering the
relationship between the visual word and the category, we
propose a semantic weighting method for visual words. For
spatiotemporal word spw;, we specify a weight w; with dynamic
texture category C;, and compute the weight as follows,

Visual words with semantic
correlation phrase

Spatiotemporal context

Fig. 3 The procedure of the spatiotemporal phrase generation. The different color and scale cubes indicate the different interest point.
The different color denotes the interest points are extracted from different spatiotemporal grid, and the different scale means the points

is extracted from different spatial and time scales.
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where N is the number of spw; in category C,, N., is the
number of spw; in all categories, and N ;»-1is the number of all

spatiotemporal words in category C ;. From the Eq. (3), the

interest points which have the high correlation with the category
will be assigned a high weight. It is consistent with the criterion in
human’s mind.

3.2 Spatiotemporal Context Phrase
For one feature point (named center point), we firstly find the
other feature point in its neighborhood. We reconsider the spatial

scale o, and the time scale o, of this center point in the
spatiotemporal grid. A 3D ellipsoid with spatial radius R and R,
is given. The neighbor feature set is formed by the center point
and the radius within the 3D ellipsoid. The radiuses are computed
with

RS = O—S : ﬂ’S

R 4
R =0,-4, @

where A and 4, denote the parameters that control the spatial and
time span of the feature point set. We experimentally set A_as 16

and A as 20, which show a good tradeoff between efficiency and

performance.

In the feature point set, each feature has a weight corresponding to
each category. For dynamic texture category C,, each point pair

of the center point fj and other neighbor point f, have the
semantic weight w;, and w), , respectively. The weight of this pair

P(i; j, k) is defined as follows,

Gyt = Wi " Wi )

From Eq. (5), one can find the pair of high semantic relation
points with category C; will be assigned a higher weight. In the
other word, the higher weight pair means more relative with the
category C, .

According to the weights, we select the top N pairs from each

category, and set the pairs {(p,, p,"), (@, P> s Py Py)} a8
the spatiotemporal phrases. Figure 4 shows spatiotemporal
context phrase. We can find the context phrases usually consist of
the interest point pair which is spatiotemporal correlation and has
special semantic.

3.3 Dynamic Texture Classification Base on

Spatiotemporal Context Phrase

Given the training set of dynamic scene sequences with C
categories, we extract the spatiotemporal context phrases with the
procedure represented in above sections. For each category, the
top M semantic phrases, which are computed based on the weights
with Eq. (5), are used to represent the dynamic texture.

In order to obtain the similarity of two phrase set S; and S,, we
firstly define the distance between the phrase p; and p, as
following,

(a) (b)
Fig. 4 The samples of spatiotemporal context phrase. The yellow
ellipses are the detected interest point, and the red dashed circle
labels the phrases.

dpy,p,)=d.*d,, (6)

where d, and d, denote the L2 distances of the center points and
the other points in the p; and p,, respectively. And the similarity
between S; and S, is defined as following,

1
Sim, (S,)= Y max (——). )
S, ( 2) p%l Vp, €S, 1+ed(17u1’/)

The sets of spatiotemporal context phrase are used to classify the
test dynamic texture sequence. The procedure of classification is
shown in Algorithm 1, in which the nearest neighbor classifier is
used to classify the test sequence with the spatiotemporal context
phrase.

Algorithm 1 Classification Dynamic Texture base on the
Spatiotemporal Context Phrase

Input: The test dynamic texture sequence 7, the
spatiotemporal context phrase set of each category.

Output: The category label of the test dynamic texture
sequence 7.

1. Detect and extract the spatiotemporal context interest
points from the test sequence 7 using the method in
Section 2.

2. Quantize and give the semantic weights to each visual word
to every category as presented in Section 3.1.

3. For each category C;,

Extract the spatiotemporal context phrases of test
sequence with Eq. (5).

Compute similarity between the spatiotemporal context
phrases of 7 and the spatiotemporal context phrase set
of C;using the Eq. (7).

End

4. Return the maximum similarity category label as the
classification result.

4. EXPERIMENTAL COMPARISONS

4.1 Dynamic Texture Recognition

We test our approach in the task of dynamic texture classification
in the Dyntex dataset [10], which is a large, varied and popular
dynamic texture dataset. In our experiment, we use the 8 very
similar dynamic texture categories (bloom, branch, elevator, grass,
leaves, rivulet, waterfall and wave), thus making classification



more difficult. We compare our proposed method with the LBP
description method with three orthogonal planes (LBP-TOP) [5],
the volume local binary patterns method (VLBP) [7], the
spatiotemporal wavelet method [11], the space-time oriented
structure method [8], and the directly spatiotemporal interest point
matched method (STIP).

Table 1 Comparison results of our proposed method with the
state-of-the-art methods in the Dyntex dataset.

Methods Performance
Our proposed method 92.6%
Spacetime Oriented Structure[8] 89.0%
ST-Wavelet[11] 85.4%
VLBP[7] 85.3%
TOP-LBP[5] 86.0%
STIP 82.8%

Figure 5 and Table 1 illustrate the performance of the different
methods. The average performance of the proposed method is
92.6%. Although the samples vary in viewpoint, and spatial/time
scale, this method achieves the best performance in the all test
categories. It demonstrates that our proposed method is robust and
effective for the condition variances. The precision of our method
is 10% higher than the directly spatiotemporal interest point
method, which demonstrates that the spatiotemporal is effective
for representing the dynamic texture.
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Fig. 5 Dyntex database recognition results.

Table 2 Comparison of our method with the state-of-the-art
methods in the KTH dataset

Methods Performance
Our method 88.2%
Niebles et al.[5] 91.3%
Laptev et al.[3] 91.8%
Wong et al.[12] 86.7%
Schuldt et al.[2] 71.5%

4.2 Human Action Classification

We apply our proposed method to the task of action classification
on the KTH Human actions dataset [3]. Our method utilizes a
very simple classifier (Nearest Neighbor classifier), while state-of-
the-art methods [2, 3, 5, 12] utilize the complex classifier (such as
the SVM, pLSA). The classification results are presented in Table
2. Although our method does not specify for action recognition, it
astonishing achieves a similar performance. The reason is as

follows: our method can extract and utilize the spatiotemporal
context feature in the whole procedure, while the spatiotemporal
context information plays an important role in human action
classification. It also demonstrates that our method is effective for
spatiotemporal context representation.

5. CONCLUSIONS

In this paper, we presented a space-time context phrase method
for general dynamic texture categorization. In our solution, we
consider the spatiotemporal context both in the feature extraction
phase and in the feature description phase. Moreover, the space-
time context phrase also extracts and describes the semantic
relation of between the dynamic scene and spatiotemporal context
interest point. The experiment results demonstrate that our
proposed method is robust in describing and classifying the
general dynamic texture.
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