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Abstract

In order to more accurately measure the dynamic texture pattern of video
clips, it is necessary to analyze the topological space of this pattern; to this
end, we propose a method for classifying video clips based on dynamic texture
features and a support vector machine (SVM) with a Lie group kernel. First,
the autoregressive moving average model (ARMA) is established to describe
the dynamic texture of video, which is mapped to the Lie group manifold to
form the matrix shape of Gaussians (SOG) descriptors. Second, the distance
measurement criterion on Lie group manifold is used as the kernel function of
SVM, and the algorithm of multi-classifier with Lie-SVM is designed. Finally,
the example verifies that the multi-classifier for dynamic texture features of
flame video based on Lie-SVM has better recognition rate (accuracy improve-
ment 15.26%) and lower time consumption (runtime reduction 2.3%), which
provides a new idea for the recognition of dynamic image texture features. The
results show that the average recognition rate of flame video dynamic texture
based on Lie-SVM algorithm is 11% higher than that of Martin distance al-
gorithm, and through the influence of the dimension of state sequence on the
average recognition rate, it can be concluded that the optimal condition of
Lie-SVM algorithm is the singular value decomposition of observation sequence
with 12 dimension.
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Introduction. Video automatic classification technology [1]| is one of the
most important and challenging research hotspots in the field of computer vision.
At present, there are three kinds of video classification: artificial video annotation
classification [2], active learning video annotation classification [3], and machine
learning video annotation classification [4]. Among them, the machine learning is
a very efficient video classification technology because it can adopt the supervised,
semi-supervised and unsupervised flexible learning methods for small sample set.
Support Vector Machine (SVM) [5] is a representative statistical machine learning
algorithm proposed by BOSER et al. in 1992. It overcomes some problems of
traditional classification methods, such as model selection, over learning, non-
linear, multi-dimensional, and local minima [6,7]. Therefore, video recognition
based on SVM has a strong applicability, and it has a considerable accuracy in
the long interval recognition.

However, the modelling and classification techniques used for videos are not
independent, but closely related to each other. Most existing research methods
do not consider the topological structure of the space where the dynamic texture
model is located, and directly classify it, thus weakening the effectiveness of the
dynamic texture model. Therefore, appropriate methods should be adopted to
study the topological structure of the space where the dynamic texture model is
located, and then research its classification algorithm based on this. The features
extracted from videos or images are often not in Euclidean space, so it is neces-
sary to analyze these features in an appropriate manifold space. Therefore, the
purpose of this paper is to study the spatial structure of dynamic textures based
on the theory of Lie group manifolds, and to use SVM classification algorithms
on Lie group manifold space to classify dynamic textures, and ultimately apply
this technology to video classification problems.

Therefore, for video classification, this paper proposes an SVM algorithm
which combines the dynamic texture features and the Lie group kernel function.
The main idea is to use the Autoregressive Moving Average model (ARMA) to
describe the dynamic texture features of video, map the matrix shape of Gaussians
(SOG) descriptors to Lie group manifold space, and use the distance measurement
on Lie group manifold as the kernel function to get the SVM classifier.

Materials and method. Video dynamic texture features and Lie
group space. Video is a continuous image sequence, which has time and space
related repetitive features, while dynamic texture just describes this attribute of
video in motion and appearance, which can be modelled by an Autoregressive
Moving Average model (ARMA), namely:

1) { x(t+1) = Ax(t) + v(t)v(t) ~ N(0,Q)
y(t) = Cx(t) + w(t)

Here, x(t) is state sequence, y(t) is observation sequence, A is transition matrix,

C is observation matrix, v(¢) is state disturbance, N is Gaussian distribution with
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multivariable, w(t) is observation disturbance, which can be set as the mean value
of video sample image sequence.

After filtering the original video, the corresponding features are extracted for
each frame, and the observation sequence of video clip is Y{¥ = [y(1),y(2),...,
y(N)] € R™N_ Using the maximum a posterior probability criterion, the param-
eters of (1) are estimated to be [8]:

Here, U,I', V are singular value decomposition of YlN = urvrT, X{V = [x(1),
%(2),...,%(N)] is estimation matrix of state variable, (X ~1)T is Moore-Penrose
generalized inverse of XN 71 W(t) = X(t + 1) — Ax(t).

The parameters fl, C’,Q of dynamic texture model represent the intrinsic
attributes of the video. The recognition and classification of the video can be
realized by the recognition and classification of dynamic texture parameters. Dy-
namic texture has some properties of Gaussian characteristics. The state x(t) of
a system at any time is subject to Gaussian distribution with multivariate. Its
mean value p(t) and covariance matrix S(t) meet:

plt+1) = Ap(t)
3) { S(t+1) = ASHAT +0 -

According to the mapping method from Gauss type feature to Lie group, the
shape of Gaussians (SOG) matrix of state x(t) is:

(4) Gt) = [ P ((f) “gt) } C POPWHT = S(1),

The SOG descriptors correspond to each frame of dynamic texture, and the
SOG descriptors sequence corresponds to the video clips. Therefore, the average
value of SOG descriptors sequence can be defined as the feature matrix of dynamic
texture of the video clip:

N N
(5) a— | 2PO/N Y u®)/N |
t=1 t=1

0 1

The G does not belong to Euclidean space, but belongs to Lie group manifold
M. For any point G; € M, there can be a tangent space 75,. Through exponential
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mapping, the tangent vector 7; € S, can be mapped to the geodesic starting from
the point on G; on M, that is:
(6) G = expg, (1i) = G;/Z exp(é’flﬂnéﬂﬂ)(_}lm.

% % %
There is also logarithmic mapping;:

~ ~1/2 ~—1/2 71 A—1/24 ~1/2
(7) 7 = logg, (Gf) = G} *log(G; 2 G1G )G,
Therefore, the distance between two points G;, Gj on Lie group manifold M
is:

(8) d(Gi,Gj) = |75, 75l -

Here, || ||2 is 2-norm.

The key of the distance calculation for video dynamic texture features on
Lie group manifold is to find the geodesic equation. In fact, by using the tangent
space mapping of unit element matrix, we can further obtain that (8) is equivalent
to (9):

(9) d(Gi,G;) = |In(G;G))|| -

Here, F' is Frobenius norm of matrix.

SVM algorithm based on Lie group kernel function. By extracting
the parameters of dynamic texture model, each video is mapped to a point on Lie
group manifold space, and the video classification can be transformed into the op-
eration of average SOG descriptor. SVM algorithm has good generalization ability
in solving nonlinear and high-dimensional small sample patterns recognition. By
constructing an optimal hyperplane, SVM can not only correctly separate the
two types of patterns, but also maximize the separation between the two types.
Because the average SOG matrix belongs to Lie group space, the distance calcu-
lation on Lie group manifold can be used to measure the dynamic texture more
accurately. Taking it as the kernel function in SVM, the inner product operation
of high-dimensional space can be transformed into the kernel function calculation
of low-dimensional input space to avoid the problem of dimension disaster.

There is a set of Lie group test samples G; (i = 1,...,1), G; € M, Z; €
{—=1,+1} is the corresponding label, then the Lie-SVM algorithm for two classifi-
cation is as follows:

(1) The Lie group kernel function is selected to calculate the scalar product.
The Lie group kernel function is:

(10) K(Gi, Gy) = exp[M||In(G G| + Hln(G‘j_lG‘i)

F)+h].

Here, 0 < A < 1, h are scaling factor and offset factor, which are defined by user.
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(2) For Lie group data structure, the following dual programming is solved:

l l l
1 -
Hgn 5 Z Z ZiZjOziOéjK(Gi, G]) — Z Oéj
(11) ilzl 7=1 7=1
st. Y Ziay=0, 0<a<C, i=12,...,1
=1

Here, o; is Lagrange multiplier, C' > 0 is regular parameter.
(3) Discriminating the average SOG matrix G sample by classification func-
tion:

=1

l
Z = sgn <Z afZiK(Gi, G) + b*) :
(12)

Considering the multi-classification patterns, based on the two classification
Lie-SVM algorithm, the one against one structure is selected to design the multi-
classifier (i, j represents the number of classification categories). The (Lie-SVM);;
indicates that the classifier can distinguish the i-class and the j-class. After train-
ing each (Lie-SVM);;, which is combined by parallel; the average SOG matrix
into each classifier, and the voting rule is used to determine the final class for the
output, that is, the category tag with the most votes is the class of sample, and
the multi-classifier form is:

{LiE‘SVM]u

. Average -
Video to = 506G (Lie-SVM)13 Decision- N Output
be judged - making class

(Lie-SVM);

Fig. 1. Multi-classifier form

Simulation results. The source of the video data (dataset) is private. There
are 140 flame video clips of electrical smelting furnace in a factory. The resolution
of each video clip is 271 x 1051 pixels, the frames per second are 10, and each
video clip has 50 frames. After the gray-scale transformation, the pixels of the
video clips are all scaled to 67 x 262, and the mean value is removed. There are
40 semi-fused samples, 50 feeding samples, and 50 smelting samples in 140 flame
video clips. The corresponding video image sequence is shown in Fig. 2.

C. R. Acad. Bulg. Sci., 79, No 7, 2026 917



(1) Semi-fused condition (2) Feeding condition (3) Smelting condition (4) Reconstruction

Fig. 2. Video image sequence and reconstruction

According to [10], using the tourist behaviour graph theory, the texture fea-
tures sequence of flame video can be taken as:

y(t) ={TPxy,TPxr,TPyr},
TPxy = {T Tule(p + 1) TP rule(p + 2)7 TPp rule(p + m)} )

(13)
TPxr = {T Tule(p + 1) TP rule(p + 2) Pp 'rule(p + m)} ’
TPyr = {T Tule(p + ) TP rule(p + 2) TP rule(p + m)}

Here, TPX mle, TPp rules TPp rule are texture distribution functions of flame video

in three orthogonal planes; XY, XT, YT, p, m, rule are set parameters.

Taking the state sequence dimension as 10, according to ARMA, the param-
eters estimate in texture features are A, ¢, Q, X{°. The (a), (b), (c) and (d) in
Fig. 2(4) are the input images of video monitoring, and the (e), (f), (g) and (h)
are the flame video sequences recovered by the estimated parameters of model.

It can be seen from Fig. 2(4) that the reconstructed visual features of virtual
flame are basically consistent with the flame in the scene video. Furthermore, the
SOG descriptors sequence {G(1),G(2),...,G(50)} and the average SOG matrix
G are obtained.

For each working condition G of flame video, 30-video clips are randomly
selected as training samples and the rest as test sets. According to the Lie-SVM
algorithm, the parameter A = 2 and the regular factor C = 1, each classifier is
trained by 30-positive samples and 30-negative samples, and then the classification
results of the test sets are counted. The confusion matrix of (Semi-fused condi-
tion, Semi-fused condition) is 32, (Semi-fused condition, Feeding condition) is 5,
(Semi-fused condition, Smelting condition) is 3, (Feeding condition, Semi-fused
condition) is 6, (Feeding condition, Feeding condition) is 42, (Feeding condition,
Smelting condition) is 2, (Smelting condition, Semi-fused condition) is 4, (Smelt-
ing condition, Feeding condition) is 3, (Smelting condition, Smelting condition) is
43. The recognition rates are shown in Table 1.

It can be seen from Table 1 that although there are some misjudgments in
flame videos under various working conditions, the recognition effect of smelting
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Table

1

Classification results of flame video under various working conditions

Lie-SVM Martin SVM from [11]
Target type - -
Time/s | Accuracy | Average time | Average accuracy
Semi-fused condition | 253.43 80%
Feeding condition 254.52 84% 260.44 72.30%
Smelting condition 255.56 86%

flame is the best. The video dynamic texture features classification accuracy based
on Lie-SVM algorithm is improved by more than 11% due to the more accurate
distance calculation, and the distribution of matrix data samples does not need
to be known in advance, which is completely unsupervised classification. The
recognition rate shows that the dynamic texture features is an effective feature
level fusion method, and the Lie-SVM algorithm can effectively identify different
categories of video dynamic texture.

In the process of video dynamic texture features extraction, the selection
of state sequence dimension d has a certain influence on the final classification
accuracy. Each time, 30-video clips are randomly selected as samples, and the rest
are used as test sets. On the basis of four experiments, the average recognition
rate of each working condition of video is counted. The relationship between the
final classification recognition rate and state dimension is shown in Fig. 3(a).
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{a) The effect of state variable dimension

(b) Comparison of recognition rates
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Fig. 3. The results

As can be seen in Fig. 3(a), the ARMA requires the state sequence dimension
must be less than or equal to the observation sequence dimension, but this does
not mean that the larger the dimension of the state sequence, the better the result.
When the state sequence dimension increases to a certain extent, the classification
recognition rate begins to decline, which is mainly due to the fact that the state
variable corresponding to the smaller eigenvalue of singular value decomposition
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is mapped onto the Lie group manifold space, and its influence on the distance
between the metric matrices is limited. The best recognition in this experiment
is at the position with 12 dimension.

Results and discussion. The main work summary is as follows: We find
that Lie-SVM differs from or improves upon standard SVM or other classifiers in
handling video texture data. The main reason is that the distance measurement
methods for dynamic texture models are different. The Lie-SVM algorithm ana-
lyzes the topological space of dynamic texture models and uses the measurement
method on Lie group manifolds to measure dynamic textures, while the standard
SVM algorithm uses Euclidean distance. The experimental results show that: 1)
the dynamic texture feature vector of flame video based on traveller’s behaviour
graph theory does not depend on the detection of suspected flame region, and the
computational complexity is low; 2) the average SOG matrix is mapped to Lie
group manifold space, and the measurement method of dynamic texture features
is given, which is an indirect measurement and can effectively become a kernel
function of SVM; 3) some parameters of Lie-SVM algorithms, such as scaling
factor, offset factor and regularization factor, can be adjusted to adapt to the
different target and environment in video recognition. Table 1 shows that the im-
provement of classification accuracy based on Lie-SVM algorithm by more than
11% is in average on the basis of three different conditions, and through the influ-
ence of the dimension of state sequence on the average recognition rate, it can be
concluded that the optimal condition of Lie-SVM algorithm is the singular value
decomposition of observation sequence with 12 dimension.

Comparison with other works. This section compares the proposed work
with other studies in the field of identification of working conditions of electric
melting magnesium furnace through flame video. The comparison highlights the
recognition rates of three methods: Martin NN, State K. SVM (Kullback-Leibler
Support Vector Machine), which means support vector machine using KL entropy
as kernel or metric for dynamic texture classification /recognition in Gaussian mod-
elling, and State LGD SVM (Lie Group based Dynamic texture Support Vector
Machine), which means using Lie groups to represent dynamic textures and con-
structing SVM for classification. Martin measures the spatial angle of dynamic
texture parameters. Since Martin distance cannot form an effective support vector
machine classification kernel, the Nearest Neighbours (NN) classification method
is used. KL entropy measures dynamic textures directly as Gaussian models,
while LGD measures them based on Lie group manifolds, KL and LGD all use
the classification method of SVM.

In Fig. 3(b), it can be seen that the results obtained based on the Lie group
metric are far superior to those based on the Martin metric, and the performance
is slightly better in most state space dimensions than the KL based metric. The
method based on the State LGD SVM achieved a recognition rate of 95.28% at
the peak, while the State KL, SVM achieved a recognition rate of 94.5% at the
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peak. Therefore, whether comparing the average recognition rate or the highest
recognition rate, the State LGD SVM is superior to the State KL SVM and Martin
NN.

Conclusions. This paper mainly studies and implements a video classifica-
tion algorithm based on Lie group theory and dynamic texture. Due to the existing
methods of modelling and classifying videos using dynamic textures, which ignore
the spatial structural characteristics of dynamic textures, the distance measure-
ment of dynamic texture models is inaccurate. This paper uses the theory of
Lie group manifolds to analyze the structure of dynamic textures and proposes
a method of mapping dynamic textures onto Lie group manifolds. Finally, this
Lie group metric is constructed as a kernel function and applied to SVM learn-
ing. Experiments are conducted on a dataset of flame classification to verify the
accuracy and efficiency of the Lie-SVM algorithm.

The framework of video classification algorithm based on dynamic texture and
Lie group manifold mainly includes extracting features, building dynamic texture
model, mapping dynamic texture to Lie group manifold, distance measurement
on Lie group and recognition with SVM.

In the future, research initiatives will focus on the SVM algorithm on Lie
group manifold and can be extended to video classification with multi-features
fusion. Meanwhile, we can combine the kernel formed by measuring dynamic
textures based on Lie group manifolds and Stiefel manifolds.
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