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ABSTRACT

Recently, video segmentation with time series has been recognized as an
important research topic. Despite great progress in this field, existing
approaches have some drawbacks. We first give an overview of existing
techniques and approaches, and then we analyze the applicability of the
recursive least square method, multidimensional modification of
exponentially weighted stochastic approximation algorithm, methods of
Kaczmarz, Shown, Brown, Chow, Trigg-Leach, Roberts-Reed, finite and
infinite memory algorithms for detection of faults in multidimensional time
sequences. At the end we have come to the conclusion that the Trigg-Leach
method is preferable for fault detection in video time sequences. Model
efficiency has been checked on video containing endoscopic operation.
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1. INTRODUCTION

Nowadays, with the rapid increase of computational capabilities and
storage capacities, video plays an important role in lives of every connected
human being — it ranges from common desktop tasks (such as watching
TV-programs, searching the web for particular video information, saving
clips of streaming video while working with Skype, etc.) to complicated
enterprise functions (including manufacturing, health care, industrial
process control, etc.). Billions of applications require video editing and
analysis, search and indexing, segmentation and recognition, summarization
and skimming. Not all these tasks have been completely solved yet because
of the wide variety of characteristics to be considered. If, for instance,
computation speed satisfies, quality of processing leaves much to be
desired, and vice versa. These issues are partially covered in Huawei
Technologies report .

It is also very hard to consider all the video features at the same time,
such as: camera motion and activity of captured objects, variety of visual
features (color, texture, brightness, intensity, shape, etc.), audio and
subtitles, and the semantics of video content. Moreover, it is almost
impossible to develop a universal algorithm that would satisfy even a few
application domains at once (in case of video recognition, by application
domain we mean not only the theme of the video, but also type of camera it
was shot with, length and quality, as all of these aspects have a strong
impact on processing results).

For effective video processing we usually need to partition the given
video into meaningful units (frames, scenes and episodes), and then to
segment each unit for monitoring of changes (or faults) in their
characteristics™ > *. That is why one of the most challenging issues is to find
correlation between different parts of video content. An intuitive way lies in
modeling video sequence as time series, because video frames follow each
other in time. A general definition of time series applied to motion analysis
can bse found in an unpublished technical report written by D. Bouchard in
2006°.

Lately, scientists have begun to pay greater attention to video modeling
with time series. During the past few years many papers have been written
about this issue, though it is considered quite a new area of research. M.
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Hoai et al.’ proposed to classify time series approaches used for video
recognition into 2 categories: change point detection and cyclic event
periodicity detection. But the present group of researchers prefers to use
classification and dynamic programming. As for cyclic event periodicity, in
2000 there emerged a paper concerning exactly this topic. Its authors’ tried
to perform periodic motion analysis in time by estimating an object's
self-similarity and by computing recurrence matrices that were then used as
a qualitative mechanism for time series analysis. Their work directly
concern time-frequency analysis and short-time Fourier transformation,
though it deals only with repetitive events (for instance, dogs running can be
treated as periodic motion because of their symmetrically moving legs).

Concerning the first approach, mentioned by M. Hoai et al., change
point detection was implemented by X. Xuan et. al®. They applied the
Gaussian graphical model, Bayesian estimation and Fearnhead’s dynamic
programming algorithm to multivariate time series. In 2008-2009 Z.
Harchaoui et. al. proposed change-point analysis via sliding windows that
run across the video sequence to find change-points and they used a test
statistic based on the maximum kernel Fisher discriminant ratio as a
homogeneity measure between segments’. The next year Z. Harchaoui et. al.
perfected Least Absolute Shrinkage eStimatOr (LASSO) in least-squares
regression introduced for variable selection by Tibshirani. They also
provided deep analysis of related research works'®.

In 2011 there emerged many works connected with time series for
video segmentation'” '*. The main procedures are often implemented with
the help of dynamic programming. In the next section we also present an
approach concerning video recognition with time series. In our case we use
a fault term by which we mean changes of some means, variance parameters
(like variance), i.e. internal structure of multidimensional time series. The
proposed technique copes with the problem of unknown sample size, which
is very important in video recognition. Moreover, medical data, that we are
targeted for processing, require high computational quality we are trying to
achieve due to combining and analyzing several segmentation and modeling
techniques.

This article is organized as follows: Section 2 describes current time
sequence models and different approaches to parameter estimation, Section
3 depicts our proposed adaptive model used for fault detection in
multidimensional time sequences, in Section 4 the application of our model
to medical video is presented, and the conclusions are given in Section 5.
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2. TIME SEQUENCE MODELS

Time sequence models provide mathematical description of observed
processes that change over time. In this section non-stationary mathematical
models of time sequences will be given, adapted to the situation where the
number of observations is unknown. We assume that these models help to
find significant changes of video content with the passage of time by
analyzing salient video properties.

Video sequence can be presented in structured and reduced forms via

econometric models'> ¥, The structured form can be written as follows
P
> Byx(k - 1)+ Dz(k) = (k) (1)
1=0
(where B - matrix coefficients for endogenous variables, B, —

non-singular matrix for endogenous variables of running time, D — matrix
of coefficients for exogenous variables, z(k) — vector of exogenous
variables with their delays, 7(k) — vector of disturbing signal with zero

mathematical expectation and bounded second moments). The reduced form
of video sequence can be rewritten as follows

p
x(k) =~B;" (O Bix(k —1)+ Dz(k) - 77(k)) (2)
or

x(k)=CZ(k)+&(k) 3)

where Z(k) is a vector which represents exogenous variables and delays
of endogenous variables

&(k) =B, (k).

Parameters in (1-3) can be found by indirect, two-step or three-step
least squares methods'’. Sequential algorithms discussed in cannot
efficiently operate in real timel4. Time sequence X(K), introduced in, can
be defined with an infinite set of the following equations'”.

P q
(k)= Bx(k—=1)+> D,z(k - p)+ Fy(k—1)+ &(k) (4)
=1 p=1

B(z)x(K)=D(z "z(k 1)+ Fy(k -1)+G(z "n(k) Q)
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where unknown video sequence coefficients are included in matrices B,
D, F or matrix polynomials Bz, D(z"), G(z') of backward
shift operator 77!, w (k) — function that describes x(k) signal trend.

To estimate parameters in these equations 3 different approaches can
be used: The Bayesian approach, the method of maximum likelihood, and
the limited information method. The first two techniques are realized in
batch, and the third technique is a form of recursive least squares method
which enables sequential processing. Since the common recursive least
squares method possesses infinite memory, it cannot be used for
non-stationary video sequences that change over time. Instead, vector
autoregression models are implemented to observe changes in video. The
autoregression model binds signal observations X(k) as shown below'® !’

x(K)=B, + > Bx(k 1)+ (k) ©)

where B, = {b

Oi}_(nxl) represents vector of means, B, = {b|

ij

} — (nxn)
matrices of parameters, P — the order of the autoregression model.

State space description of autoregression model (which is shown
below) enables one to use Kalman filter to process video signal.

{x(k) =TIx(k —1)+I1, + E(k), o
y(k) =Cx(k)
where
x(k) B, B, - B,, B,

s A O I O |

ak-psn) o) Lo w1 o

k)Y C=(,,0,...,0), x(k)=(px1)
E(k) = 6 :

0

— vector of states, IT—(npxnp)
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— transfer matrix, ¢ and 0
— (nx1) zero-vector and (nxn) zero-matrix respectively.

Faults in time sequences can be seen from observation of
x(k),i=1,2,..,n. This observation may lead to the next cases:

a) change of component mean values (while 1< p)
b (K) = by, if kK <k, ®)
OB, if k >k,

b) change of characteristics (like dispersion) of disturbances E(o?) (while

I<p)

ii |IJ I)+§(k) if k<k
Xi(k)_ - n_ (9)

20D by X (k=) + £ (K), if k2K,

1=l j=I

=l

c¢) change of by; that results in autocorrelation property change in video

p n

by + D D by X (k=D + & (K),if k<k,,

1=l j=

x, (k) = (10)

b, +§p:zn:b,” X, (k=1)+¢& (k). if k2K,

I=1 j=lI
where k, — time of change in properties.

In the next section we introduce an adjustable model that allows the
existing limitation of predefined interval of changes, as changes cannot be
predicted a priori in video sequence.

3. ADJUSTABLE MODEL FOR OBSERVING FAULTS IN
MULTIDIMENSIONAL TIME SEQUENCES

Faults in video occur in real time, that is why it is supposed that they
are adaptively identified by the autoregression model (6) presented via time
sequence X(k) . For simplification purposes we assume that
B=(B, : B, Bp) is a composite matrix and
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X(K)=(l, X' (k— ... X' (k- p))T — a composite vector with dimension

((pn+1)x1). These assumptions allow a rewrite of (6) in the following way
x(k) = BX (k) +£(k) (11)

where B is a matrix of video properties. We fit the following adjustable
model to the video signal autoregression model

(k) = B(k = 1)X (k), (12)

assuming that matrix of parameters B(k) is refined at each time interval

k by minimizing the identification criterion. The criterion is presented as
the difference between the estimated X(k) and experimental time sequence

X(k) . The proposed adjustable model (12) also aids prediction.

Predictability violation indicates appearance of recursive procedures which
can be written as follows

{B(k) =Bk 1)+ 7(K)e(k) X" (k),

. (13)
e(k) = x(k) = %(k) = x(k) - B(k = 1) X (k)

where y(k) — learning role factor of the algorithm that depends on the
applied criterion, e(k) — vector identification error.

In practice, algorithms with sum of squares minimum identification
error criterion are used, as shown below

100= 3 Awlew] =Y Awe wy (14)
where AB(U) — system of weights.

Least squares method is the most popular one with equal significance
of all weights, i.e.

I(k) = Z||e(u)||2. (15)

The following algorithm corresponds to (13), (15)

e(k)XT (K)P(k —1)
1+ XT(K)P(k-1)X (k)’
P(k-D)XK)XT(k)P(k—1)
1+ XTKPK-DX(K)

B(k)=B(k 1)+

(16)
P(k)=P(k—1)—
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Unfortunately, the recursive least square method is not suitable for
fault detection in multidimensional time sequences. An alternative for (15),
(16) is given below

e(k)X" (k)

B(k)=B(k —1)+ TR’

a7)
This procedure is generated by the criterion

1(k) =e(k)|".

It is a generalization of the Kaczmarz algorithm for the vector-matrix
model (12)18. Despite good performance, the procedure (17) cannot
distinguish signal faults or the influence of the stochastic component &(K).
That is why it is preferable to use finite memory algorithms with smoothing
and tracking properties. When the predictability of model (12) diminishes
and the need for algorithm memory rearrangement emerges, it indicates
fault occurrence.

The exponentially weighted least squares method with the following
criterion gained its popularity in the above group of algorithms

2
s

k
1(k) =2 8" [e(w)

its recursive setup procedure is shown below

e(k)XT (k)P(k-1)
L+ XT(KPk-1)X (k)

Pk -D)X(K)XT(k)P(k—-1)
B+ XT(KPK-1)X (k)

B(k)=B(k—1)+
(13)

1
P(k)=—(P(k-1
()ﬂ(( ) )

where 0< £ <1 is a forgetting factor.

In the general case the identifier with exponential forgetting is
unstable, which leads to an increase in covariance matrix parameter values.
That is the case when time sequence X(k) reaches high dimensions. Thus,
the standard exponentially weighted recursive least squares method is
inapplicable because of ill-conditioning of the information matrix

k
Zﬂk_” X (W)X (u)
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with high correlation between X (K) -

This problem can be solved using a pseudo-inverse operation with the
Greville theorem instead of using the weighted information matrix reversal
operation based on the Sherman-Morrison formula, but it is computationally
demanding (especially for high N). According to the above, we offer a
multidimensional modification of an exponentially weighted stochastic
approximation algorithm

e(k)X " (k)
pric=n+|x o (19)
r(k) = Ar(k=1)+|X k)|

B(k)=B(k—1)+

The modification is a compromise between (17) and (18). It possesses
smoothing and tracking properties. Dynamic properties of (18) and (19)
depend on memory which influences the refinement of matrix of current
estimates B(K). As mentioned above, algorithms with infinite memory (for
instance, recursive least squares method) possess the best filtering
properties. At the same time, these procedures have poor tracking
properties, as the characteristics of a video signal sequentially change. In
this case, low-memory and noise irresistible algorithms (like Kaczmarz
algorithm) are considered preferable.

Thus, algorithm memory capacity should be chosen based on the
compromise between its smoothing and tracking properties. Unfortunately,
time sequence characteristics are unknown a priori, and they constantly
change. Variable memory algorithms are preferred in this case above those
with fixed memory. Taking the above into consideration, we propose a
smoothing parameter A adjustment method which controls statistics
characterizing regular signal prediction error. It is assumed that model
parameter setup is made via the exponentially weighted Kalman-Mayne
algorithm which can be written as follows for 1 -th component x (k)

(e(k)X" (k)P (k- 1),
o+ XT (KR (k-DX(K)’

b(k)=b(k-1)+

T (20)
R =L (R(k—1 - XX (ORGD,
it Boi + X (KR k-DX(k)
where b(k) - I -th row of matrix B(k) , (), — I -th row of

corresponding matrix product.
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When variances of some components (3] of the disturbance vector

are unknown, the following estimate can be used for (20):
o7 (k) =o7 (k=D + p(k=D(o7 (k=D -1 (K)),

0,k =L (p,(k—1)——PrK=D

B p+ Pi(k—l))'

The model provides an acceptably accurate description of a controlled
signal on time intervals of S observations, and parameters can change
discontinuously at any time k.- Varying value A(K) is adjusted via the

following statistics

& 17 (u)
1o —Z Bk=Da? +XT ) p(u-1HX (u)

with ZZ distribution and S degrees of freedom, provided that S(0)=1.

Adjustment of £(k) is made in discrete moments of time tS using the
following rule:

Iwhenk < S,k =tS and T,(k) < #,%,
k) =1 B(k—-1)—ApB when k=tS and T;(k) > z,’, (21)
BAk—1)whentS <k < (t-1)S,t=1,2,...

where ij — quantile of ZZ law with respect to significance level J,

AB — step of adjustment.

The rule (21) assumes the change of F(k) when values of k are
multiples of S . When values of k are intermediate, the value of A(K)

remains unchangeable, and a fault is registered when the second ratio from
(21) occurs. Such a lengthy procedure calls for the search of a more
effective fault detection technique.

In (19) a smoothing parameter S adjustment method is proposed

based on the Mann-Whitney U-test with the following controllable
characteristic:

k

> sign(x (u)— % ()2 » (22)

u=k-S+1

where 7 is a threshold value, S is a value of a moving control window.
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0 when x;(u) = X (u),
sign(x, (u) — X (u)) =1 +1when x.(u) > x(u),
—1 when x;(u) < X (u).

The control window moves from A(1)=0 that equals maximum

algorithm performance (19). The exponentially weighted recursive least
squares method is invalid for such a purpose. During this process different
situations may occur, as described below.

D sign(x (u)— % (u)) = 6.

u=k-S+1

This means that signal X stochastic component & prevails over the

“drift” component. In this case, the necessity to improve smoothing
properties of the algorithm arises, i.e. we need to increase the algorithm by
the rule given next:

BK)=pk-1)+Ap.

In (22) the signal drift component prevails, and the algorithm has no
ability to monitor faults on-line. In such case we need to reduce memory

BKk)=pk-1)-Ap
in order to register fault occurrence.

To control multidimensional time sequence faults, the authors propose
the use of the following modification of (22):

k

max( Y sign(x (u)— % W) = 7,

u=k-S+1

This modification has the ability to simultaneously control all of the
components and register fault occurrence, if the value of at least one
component  x. (k) changes significantly.

In practice heuristic procedures are used instead of stochastic. The
methods of Shown, Brown, Chow, Trigg-Leach, Roberts-Reed, etc. belong
to the heuristic procedures'” > *'. The main principle of heuristic methods
lies in specification of a set of values for smoothing parameter S (for
instance, 0;0.05;0.1;...0.95;1) with a set of characteristics that determine

identification quality. Very often the sets are the following:
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&k, ) =xkK)-%(k,p)
— current error of estimation for 1-th component,
Sk, p)=e(k,p)+S;(k-1,5)

— cumulative sum of errors,

di(k, B)=(1-p)le.(k, B)|+ pd,(k—1,5)
— mean absolute error value,

gk, p)=(1-Prk B+ pek-17)
— mean error,

ei(k’ﬁ)
X (k)

&k.p=01-p) + & (k=1,/)

— mean relative error,

gk, f)=(1-pei (k. f)+ fe’ (k1)
—mean square €rror.

If the controlled value exceeds some threshold, 7, then the decision is
made about fault occurrence, and the necessity to refine smoothing
parameter S arises.

Stationary stochastic signal usually collides with B in the interval
0.7<8<0.99% The simplest way is to decrease smoothing parameter by
the following rule when the value &k, with some S exceeds the 0.05

threshold:
Bk)=Bkk-1)-AB.

And then, the process of identification continues with a new S(k). If
L exceeds the threshold 0.7 (£(k)<0.7), then the decision is made about
fault occurrence.

The Chow method is more effective, but more complicated as well.
Three models with smoothing parameters £, B+Af and S—-Ap are
used in his method. If the best result is obtained with smoothing parameter
p(k)=pF+Ap at moment Kk, then three new parameters S, F+Af and
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P +2Ap are used the next time. If the best model is obtained with
smoothing parameter S(k)=F-Ap , then triple S, p-AF and
B —2Ap is formed. If the best result is achieved with smoothing parameter
p(k)=p,thentheset f, F+AL and F-Af continues to be used.

Control tracking signal methods are simpler’”. When the tracking
signal exceeds a predefined threshold, it indicates fault occurrence. R.
Brown proposed the following definition for the tracking signal®:

PICICY
TiB(k) =2

v O-iz(k) '

In the above equation the sum of errors varies around 0 (because of
error randomness), if the adjusted model matches the controlled signal. The
sum of errors does not exceed some threshold which is set a priori for a
particular level of probability with definite dispersion of prediction error
sum, and the value to which it tends is given by the following equation:

1 2

. ) _
&lgloo'i (k)—wai :

R. Brown proposed using the mean absolute deviation instead of mean
square errors . for practical calculations

d= j_i\e— M {e}| p(e)de ~ i\e(u) ~M {e}|R.

The deviation is proportional to the mean square value of error,
because

A=(e-M{e})/a;,
d,=0;[" Al p(a)da,

as proportionality coefficient changes insignificantly for a wide variety of
distributi fi 1 distributi d .
istributions (for normal distribution d \/E —0,7979 )

O

If d, is calculated the following way

d; (k)= (l_ﬂ)|ei (k)| +pd (k-1
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with tracking signal

, Zei (u)
0=

then (1— P)% threshold can be presented as shown below:

+r =+ 7(1-p)
—"il-R - 2 1_(1_ﬂ)2(pn+1) '

D. Trigg and A. Leach suggested the following definition of a tracking
. 21
signal”':

LRO

where T(K)=(1-pe k) +pT k-1 is not a total sum of deviations, but a
smoothed error, provided that the following inequality is observed
B < B

When f' =/, the tracking signal varies between —1 and +1. In order
to incorporate automatic feedback, D. Trigg and A. Leach proposed to
calculate the smoothing parameter according to the ratio:

A =1-[T" (k)

9

and to register signal faults when f(k) changes significantly. The
modification shown here is also well known:

B =1-[T" (k-1

To reduce the gap between the model and controlled sequence (that is
seen from tracking signal increase), smoothing parameter value must be
decreased.

It is better to use the Brown method for processes with smooth drifts.
Strong jumps again are better distinguished via the Trigg-Leach tracking
signal. That is why this form of tracking signal can be helpful for fault
detection in time sequences given by (8)-(10).
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4. APPLICATION IN MEDICAL VIDEO

To check the effectiveness of the proposed approach, an experiment
has been performed on a medical video which contains 550 frames. The
video sequence was divided into separate frames, as shown in figure 1.
These sequences of frames have been modeled as a two-dimensional time
sequence.

Figure 1. Video partitioning into multidimensional time sequence

For more effective control of changes in the video we have to perform
a segmentation, as shown in figure 2. A texture algorithm (JSeg) was used
to implement the segmentation. Segmentation enabled the researchers to
determine initial video characteristics for fault detection. We used
segmentation based on geometrical properties (area, perimeter, angle of
segment slope, etc.) of stable images.
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Figure 2. Example of frame segmentation

The analysis of segments from video frames has led us to the results
shown in figure 3. This figure shows that strong changes in frames 40-55
and 270-311 influence strong decrease of parameter values on the plot.
Consequently, salient changes in a scene have been accurately detected with
the proposed approach. It was also noted that with instant
appearance/disappearance of noise, parameter values react quickly as well.

|
.ii'ii.J HIL‘;II u}lill'ui:-'
Ny F"ilfj'i'ﬁ'ﬁ' LRk

R R N R T N R R R TR

Figure 3. Video analysis results

The proposed approach allows the detection of salient changes in
video. It can be used for effective shot boundary detection, information

search in video databases, video interpretation, summarization and
skimming.

5. CONCLUSION

Time series for video segmentation has been widely used during recent
years. Despite clear progress, existing approaches are either computationally
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heavy or produce poor results in terms of quality. Moreover, it is very hard
to develop a unique approach that would satisfy the needs of at least several
applications at the same time. We first analyzed existing techniques and
approaches, and then we introduce an adjustable model for detection of
faults in multidimensional time sequences.

The adjustable model enables tracking video changes. It deals with
both — smooth changes and strong jumps. One of the main disadvantages of
the proposed model is that it has a large number of adjustable parameters,
which potentially may lead to serious processing problems for large
amounts of data (like HD-content processing). Despite that this model was
shown to be fully applicable for medical diagnostics, as proved by an
endoscopic operation analysis that has been carried out.

However, it should be noted that real time calculations are difficult to
implement at the present time, since video sequence segmentation takes
considerable time. Consequently, it makes sense to consider possibilities for
speeding up the procedure. We can move toward such a possibility by
"partial" data extraction, i.e. taking of separate shots at certain intervals
from a video sequence. Another variant is based on the changing of
segmentation parameters (however it is necessary to consider the influence
of these changes on proposed methods). It is also possible to replace the
segmentation method by a quicker one, but in this case care must be taken
not to decrease segmentation quality.

In addition, an optimal vector of segment characteristics should be
chosen. Implementation of all these characteristics at the same time should
provide maximum help for detection of initial data changes. Thus, it is
necessary to observe characteristics that have the greatest impact on
detection of changes (these are characteristics that provide incomplete or
contradictory information). It is also necessary to incorporate more weight
coefficients for the most meaningful characteristics.
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