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The paper considers problems of developing stochastic models consistent with results

of character image recognition in video stream. A set of assumptions that de�ne the models

structure and properties is stated. A class of distributions, namely the Dirichlet distribution

and its generalizations, that set a description of the model components is pointed out; and

methods for statistical estimation of the distribution parameters are given. To rank the

models, the Akaike information criterion is used. The proposed theoretical distributions are

veri�ed vs sample data.
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Introduction

Recently there has been a steadily growing interest in document management systems
built on mobile platforms. An integral part of this kind of systems is automatic document
input subsystems in which digital cameras mobile devices and web cameras act as a
"scanning" device. Obvious problems [1�4], arising in the process of shooting a document
made by a camera-mobile device, and subsequently at the stages of image processing,
including the process of its recognition. Currently, these document images are of a lower
quality than those obtained on the scanning device. Therefore, to obtain accurate and
reliable recognition results, along with the use of traditional methods of document image
recognition, it is necessary to develop new methods based on the processing of a single
video stream as a digital image of the document. With this approach, there are several new
problems, among which the following can be noted. The �rst is the problem of assessing
the necessary volume of observations to make a decision on reliable recognition of a single
symbol or �eld of the document. The second is the determination of the �nal estimates
of the recognition results based on the integration of partial resolution of the document
recognition and its �elds on each frame of the video stream. To solve the integration
problem, there are quite numerous nonparametric methods [1,2,5]. The most of them are
based on the use of elementary statistics.

In this paper we consider the problem of construction and investigation of stochastic
models describing the results of document recognition. The use of the proposed models,
in our opinion, will allow us to solve the above problems productively.

We will consider the recognition of structured documents consisting of a set of text
�elds with pre-known properties [1, 3, 6]. For such �elds not only tracking of sequence of
recognition results of �elds, but analysis of a sequence of recognition results of one symbol
is possible [7].
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1. Problem Statement

Let there be a sequence of frames {Ik}Kk=1 for some document. For each Ik there is a
�eld F (Ik), without loss of generality consisting of character space Ak. We assume that
character space Ak is a set of n alternatives, namely {⟨si, Xk

i ⟩}ni=1, where si is the character
code of the Cyrillic alphabet Z (s1 ='À', s2 ='Á', etc.), X

k
i is the probability alternative

(classi�er estimate) obtained at the detection of frame Ik. Introduce a notation for vectors
of estimates Xk = (Xk

1 , . . . , X
k
n)

T . Let Xk ∈ Tn, where Tn is a simplex

Tn = {(X1, . . . , Xn)
T : Xi ≥ 0, i = 1, . . . , n;

n∑
i=1

Xi = 1}. (1)

In addition, we assume that the recognition results Xk, k = 1, . . . , K, is a sample of
independent equally distributed values. Let's call the sequence {Xk}Kk=1 the recognition
results �ow.

The paper deals with the problems of modelling (approximation) of the empirical
distribution of the recognition results �ow {Xk}Kk=1. It is possible to distinguish four stages
of solving the problem [8]:

1) model choice, i.e. hypothesize a�liation families of distributions;
2) estimate parameters;
3) evaluate quality of �t;
4) estimate goodness of �t statistical tests.
In the classical formulation of the modelling problem based on the existing sample of

independent random variables with unknown distribution density belonging to a certain
family of parametric distributions, it is required to construct estimates of unknown
parameters using the maximum likelihood principle. This problem may not have a solution
if the dimension of the parameter vector is large and far exceeds the sample volume.
Next, a concept is proposed that allows viewing a parametric family as a combination of
distributions with vectors of smaller dimension parameters. This approach allows obtaining
parameter estimates for small sample volumes of recognition results.

2. Preliminary Observations and Properties

Here are the main symbols, as well as some de�nitions and results from [9]. Consider
two positive random vectors X = (X1, . . . , Xn) and Y = (Y1, . . . , Yn) associated with
Xi =

Yi

Y + , where Y + =
∑n

i=1 Yi. In literature the vector X is called compositional data,
and the vector Y is called basis. Note that the estimates Xi can be considered as an
example of compositional data.

Quite often the components can be grouped according to some homogeneity criterion.
In such cases, it is of interest to study the totals and relative values within each group. In
order to formalize this approach, it is accepted to use amalgamation and subcomposition,
which can be explained as follows. Let a0 = 0 < a1 < . . . < aC−1 < aC = n be the set of
indexes and

X1, . . . , Xa1 |Xa1+1, . . . , Xa2 | . . . |Xac−1+1, . . . , Xac (2)

be a complete partition (of order c− 1) of subsets of the vector X. Based on partition (2),
we de�ne the subcomposition with index i:

Si = (Xai−1+1, . . . , Xai)/X
+
i , (3)
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where X+
i = Xai−1+1 + . . . + Xai , i = 1, . . . , c . The amalgamation is the vector of the

totals of the c subsets X+ = (X+
1 , . . . , X

+
c ).

It is known [10] that for modelling of composite data the presence of the composite
invariance property is essential. The basis of Y is compositionally invariant if the
corresponding composition X = C(Y ) is independent of Y +. In fact, all versions of
the notions of independence presented in the literature can be expressed in terms of
subcompositions Si, i = 1, . . . , c, and amalgamation X+. For example, consider the most
popular partition case of order 1 (c = 2). We denote independence by ⊥ and a set of
independent random variables by A ⊥ B ⊥ C. Let a1 = m. Then, partition independence
means that S1 ⊥ S2 ⊥ X+; subcompositional invariance means that (S1,S2) ⊥ X+;
neutrality on the left means that S1 ⊥ (S2, X

+); neutrality on the right means that
S2 ⊥ (S1, X

+); subcompositional independence means that S1 ⊥ S2.

3. Dirichlet Distribution and Its Generalizations

Dirichlet distribution is one of the key multidimensional distributions for composite
data modelling. It plays an important role for the representation of proportions. This
distribution has a simple form and has many convenient mathematical properties [11].
However, the Dirichlet distribution is considered to be insu�ciently �exible. Therefore,
generalizations of Dirichlet distribution were proposed by di�erent authors [9, 10].

A random vector X = (X1, . . . , Xn)
T ∈ Tn has a Dirichlet distribution if the

distribution density is as follows

fD(xn;α) =
Γ(α+)∏n
i=1 Γ(αi)

n∏
i=1

xαi−1
i , (4)

where α is the vector of positive parameters, α+ =
∑n

i=1 αi.
There is a simple relation [11] between the parameters of the joint density and the

marginal densities of each component Xi ∼ Beta(αi, α+ − αi).
Let's make the following transformation

X∗
1 = X1, X∗

i =
Xi

(1−
i−1∑
j=1

Xj)

, i = 2, . . . , n− 1. (5)

Then for these random variables is fair

X∗
1 ∼ Beta(α1,

n∑
j=2

αj) and X∗
i |X1, . . . , Xi−1 ∼ Beta(αi,

n∑
j=i+1

αj), i = 2, . . . , n− 1. (6)

The �exible Dirichlet distribution FDn(α,p, τ) was �rst proposed in [9]. Let X =
(X1, . . . , Xn)

T ∈ Tn. The distribution function of the vector X ∼ FDn(α,p, τ) is a �nite
mixture of Dirichlet distributions

FDn(x, α,p, τ) =
n∑

i=1

piD
n(x;α+ τei), (7)
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where ei is a vector whose elements are all equal to zero except for the i-th element which
is equal to one, and the density of the distribution is as follows

fFD(x;α,p, τ) =
Γ(α+ + τ)∏n

i=1 Γ(αi)

(
n∏

i=1

xαi−1
i

)(
n∑

i=1

pi
Γ(αi)

Γ(αi + τ)
xτ
i

)
, (8)

where x ∈ Tn; i = 1, . . . , n; αi > 0, α+ =
∑n

i=1 αi; 0 ≤ pi < 1,
∑n

i=1 pi = 1; τ > 0.
The marginal distributions of vector X components can be represented as follows

Xi ∼ piBeta(αi + τ, α+ − αi) + (1− pi)Beta(αi, α+ − αi + τ), i = 1, . . . , n. (9)

A vector X = (X1, . . . , Xn)
T ∈ Tn is said to follow a Connor � Mosimann distribution

CM(α, β) if the density can be represented as follows [12]:

fCM(x;α, β) = [
n−1∏
i=1

Γ(αi + βi)

Γ(αi)Γ(βi)
xαi−1
i (

n∑
j=i

xj)
βi−1−(αi+βi)]xβn−1−1

n , (10)

where x ∈ Tn; αi > 0, i = 1, . . . , n, βj > 0, j = 1, . . . , n−1, β0 = 0. Apply a transformation
similar to (5)

X∗
1 = X1, X∗

i =
Xi

(1−
i−1∑
j=1

Xj)

, i = 2, . . . , n− 1. (11)

Accordingly, conditional distributions are de�ned as follows

X∗
1 ∼ Beta(α1, β1) andX

∗
i |X1, . . . , Xi−1 ∼ Beta(αi, βi), i = 2, . . . , n− 1. (12)

The Dirichlet distribution is closely related to the parametric family of multivariate
Liouville distributions. For consideration take from this family the beta-Liouville
distribution. Let the vector X ∈ (0, 1)n have a stochastic representation X = RY, where
R⊥Y, R =

∑n
i=1Xi, R ∼ Beta(a, b), Y = (Y1, . . . , Yn)

T ∈ Tn, Y ∼ Dir(α). A random
vector X is said to follow a beta-Liouville distribution. The density of beta-Liouville
distribution has the form [13]:

fBL(x1, . . . , xn; a, b, α1, . . . , αn) =

=

Γ(a+ b)Γ

(
n∑

i=1

αi

)
Γ(a)Γ(b)

n∏
i=1

Γ(αi)
×

(
n∑

i=1

xi

)a−
n∑

i=1
αi−1(

1−
n∑

i=1

xi

)b−1 n∏
i=1

xαi−1
i . (13)

4. Mathematical Model

Consider the vector X ∈ Tn. Without loss of generality, assume that
X1 ≥ . . . ≥ Xn. Let's set some criteria, using which we can divide the composition X into
two subcompositions X(1) = (X1, . . . , Xm)

T and X(2) = (Xm+1, . . . , Xn)
T . For example,

the �rst subcomposition includes are all elements whose values exceed a certain level L,
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and all the rest elements are in the second. Both subcompositions may be represented as
follows

X(1) = X
(1)
+

X(1)

X
(1)
+

, X(2) = X
(2)
+

X(2)

X
(2)
+

, (14)

where X
(1)
+ =

∑m
i=1Xi, X

(2)
+ =

∑n
i=m+1Xi, X

(2)
+ = 1−X

(1)
+ . Next, introduce new variables

Z(1) =
X(1)

X
(1)
+

, Z(2) =
X(2)

1−X
(1)
+

, R = X
(1)
+ . (15)

It is possible to write an expression

X =

(
X(1)

X(2)

)
=

(
R · Z(1)

(1−R) · Z(2)

)
, (16)

where X(1) is an m-dimensional vector; X(2) is an (n−m)-dimensional vector.
Formulate assumptions for the variables included in the right part of (16).
Assumption 1. Let Z(1)⊥Z(2)⊥R.
Assumption 2. Let R ∼ Beta(a, b).
Assumption 3. Let Z(2) ∼ Dir(α(2)).
Assumption 4. Let Z(1) ∼ Dir(α(1)).
Assumption 5. Let Z(1) ∼ FD(α(1),p, τ).
Assumption 6. Let Z(1) ∼ CM(α(1), β(1)).

For simpli�cation of designations consider

α =

(
α(1)

α(2)

)
= (α1, . . . , αn). (17)

where α(1) is an m-dimensional vector of parameters; α(2) is an (n−m)-dimensional vector
of parameters.

Using the assumptions, we construct three stochastic models for the distribution of
composition X.

Model 1. If assumptions 1 � 4 are satis�ed, the density of the composition X has the
form

f1(x1, . . . , xn; a, b, α1, . . . , αn) =

=

Γ(a+ b)Γ

(
m∑
i=1

αi

)
Γ

(
n∑

i=m+1

αi

)
Γ(a)Γ(b)

n∏
i=1

Γ(αi)
×

×
(

m∑
i=1

xi

)a−
m∑
i=1

αi−1( n∑
i=m+1

xi

)b−
n∑

i=m+1
αi−1 n∏

i=1

xαi−1
i .

(18)

Indeed, let us write density of (Z(1), R,Z(2))

Γ(a+ b)

Γ(a)Γ(b)
ra−1(1− r)b−1 ×

Γ(
m∑
i=1

αi)

m∏
i=1

Γ(αi)

m∏
i=1

[z
(1)
i ]αi−1×

Γ(
n∑

i=m+1

αi)

n∏
i=m+1

Γ(αi)

n∏
i=m+1

[z
(2)
i ]αi−1. (19)
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Now consider x1, . . . , xn, x
(1)
+ . The corresponding Jacobian is given by

J(z(1)1 , . . . , z
(1)
m , r, z

(2)
m+1, . . . , z

(2)
n → x1, . . . , xn, x

(1)
+ ) = (x

(1)
+ )−m(1− x

(1)
+ )−(n−m). (20)

Thus, from (15), (19) and (20) we have (18).
Model 2. If assumptions 1 � 3, 5 are satis�ed, the density of the composition X has

the form

f2(x1, . . . , xn; a, b, α1, . . . , αn, p1, . . . , pm, τ) =

=

Γ(a+ b)Γ

(
m∑
i=1

αi + τ

)
Γ

(
n∑

i=m+1

αi

)
Γ(a)Γ(b)

n∏
i=1

Γ(αi)

(
m∑
i=1

xi

)a−
m∑
i=1

αi−τ−1

×

×

(
n∑

i=m+1

xi

)b−
n∑

i=m+1
αi−1 n∏

i=1

xαi−1
i

(
m∑
i=1

pi
Γ(αi)

Γ(αi + τ)
xτ
i

)
.

(21)

Model 3. If assumptions 1 � 3, 6 are satis�ed, the density of the composition X has
the form

f3(x1, . . . , xn; a, b, α1, . . . , αn, β1, . . . , βm−1) =

=

Γ(a+ b)Γ

(
n∑

i=m+1

αi

)
Γ(a)Γ(b)

n∏
i=m+1

Γ(αi)

(
m∑
i=1

xi

)a−1( n∑
i=m+1

xi

)b−
n∑

i=m+1
αi−1

×

×
m−1∏
i=1

 Γ(αi + βi)

Γ(αi)Γ(βi)
xαi−1
i

(
m∑
j=i

xj

)βi−1−(αi+βi)
xβm−1−1

m

n∏
i=m+1

xαi−1
i .

(22)

5. Estimation of Model Parameters

For estimating the Dirichlet parameter vector, the principle of maximum likelihood is
usually used. We assume that the parameter values that provide the maximum of the log-
likelihood function are taken as estimates:

L(x
(j)
n ;α) =

k∑
j=1

log fD(x
(j)
n ;α) =

= k

{
log Γ(

n∑
i=1

αi)−
n∑

i=1

log Γ(αi) +
n∑

i=1

(αi − 1) logGi

}
,

(23)

where Gi = (
n∏

j=1

xji)
1
k , i = 1, . . . , n.

It is known [14] that the function L is globally concave, since the Dirichlet distribution
belongs to the exponential family, and the Newton � Raphson algorithm converges to the
global optimum [11,15].

Estimation of the parameters of a �exible Dirichlet distribution is considered as the
problem of separating a �nite mixture of Dirichlet distributions, for the solution of which
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the EM algorithm [16, 17] can be suitably adapted. Suppose we have k independent
observations xj, j = 1, . . . , k, each having a distribution (8). Further complete vector
data xc is given by:

xc = (x,v) = (x1,v1, . . . ,xk,vk), (24)

where vector vj = (vj1, . . . , vjn) represents the missing data with vji being equal to 1 if the
j-th observation has arisen from the i-th component of the mixture model and 0 otherwise.

The log-likelihood function with respect to (7) and (24) has the form

logLc(θ) =
k∑

j=1

n∑
i=1

vji[log pi + log fD(xj;α + τei)], (25)

where θ = (α,p, τ); fD(xj;α + τei) is the Dirichlet density.
The s+ 1 step of the EM algorithm can be described as follows.
E-step: given the current parameter estimates θ(s) = (α(s),p(s), τ (s)) and x =

(x1, . . . ,xk), calculate the conditional expectation of the complete-data log-likelihood

Q(θ; θ(s)) =
k∑

j=1

n∑
i=1

pi(xj; θ
(s))[log pi + log fD(xj;α + τei)], (26)

where pi(xj; θ
(s)) represents "posterior" probability that xj belongs to the i-th component

of the mixture given θ(s) which is de�ned as follows

pi(xj; θ) =
pifD(xj;α+ τei)∑n
r=1 prfD(xj;α + τer)

, i = 1, . . . , n. (27)

M-step: maximize (26) to obtain the maximum likelihood estimates of θ(s+1)

θ(s+1) = argmax
θ

Q(θ; θ(s)). (28)

In particular, we have p
(s+1)
i = 1

k

∑k
j=1 pi(xj; θ

(s)), i = 1, . . . , n − 1, whereas α(s+1), τ (s+1)

can be computed by implementing a Newton � Raphson method. Iterating occurs until
the "su�ciently small" change of the observed log-likelihood (or the parameter estimates)
is reached.

Estimates of the parameters of the Connor � Mosimann distribution can be obtained
using properties (12) [12]. Perform the estimation of the parameters of the beta
distribution, αr, βr (r = 1, . . . , n − 1), and take the resulting estimates for estimates
of the prior distribution.

6. Applying Criteria to Rank a Model

In this section, we consider the problem of selection a model from a set of competing
models, which gives the best in the sense of not approaching the characteristic of the
studied �ow of recognition results. In modern statistics analysis for the purposes of ranking
models uses a simple and e�ective tool � the Akaike information criterion (AIC), which
can be represented as follows

QAIC(F
(k), θ̂(k)) = −2

n∑
j=1

ln f (k)(yj; θ̂
(k)) + 2q(k), (29)
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where F (k) is the k-th model; f (k)(·) is the distribution density for F (k); yj is the

observation, j = 1, . . . , n; θ̂(k) is the vector-parameter for F (k); q(k) is the number of
parameters on which F (k) depends.

The choice of the model consists in ranking the models in accordance with the values
of the QAIC and the preference of the model with its lowest value.

Remark 1. Based on the AIC, we can construct a partition rule for the composition
X. Suppose that for some set of dimensions of subcompositions M = {mmin, . . . ,mmax},
assumptions 1 � 3 hold. Then the required dimension for, for example, model 1 can be
de�ned as the solution of the problem

m∗ = arg min
m∈M

(−2
K∑
k=1

ln f1(X
k
1 , . . . , X

k
n; â, b̂, α̂1, . . . , α̂m, 1, . . . , 1) + 2m). (30)

It is easy to see that the obtained results (18), (21), and (22) di�er in the type of

distribution that describes the value of X(1)

X
(1)
+

. Therefore, we con�ne ourselves to calculating

the values of the partial criterion QAIC (Table 1).

Table 1

Models QAIC

Model 1 (Dirichlet distribution) −221,73
Model 2 ( �exible Dirichlet distribution) −228,50
Model 3 (Connor � Mosimann distribution) −234,39

7. Test of Models Fit

In this section, we consider the question of how well the proposed models are consistent
with the observations. Before proceeding to the construction of objective quantitative
estimates, it is useful to subject the obtained models to the procedure of informal graphic
diagnostics, that is, to compare the sample data with the parametric model by graphic
methods. To visualize the quality-of-�t of models, we use the so-called "Q-Q (quantile-
quantile) plot", which is a method for comparing the empirical and the theoretical
distributions by plotting their quantiles against each other. If the theoretical distribution
is well matched, the points on the plot are located along a straight line. Figs. 1 to 4 show
the graphs for the proposed models.

Before proceeding to the formulation and testing of the hypotheses of interest, we give
the formula of "standardization" X ∼ Beta(a, b)

X∗ = I(X; a, b) =
B(X; a, b)

B(a, b)
=

1

B(a, b)

X∫
0

ta−1(1− t)b−1dt, (31)

where I(z, a, b) is the regularized incomplete beta function; B(z, a, b) is the incomplete
beta function; B(a, b) is the beta function. It is known [18] that the transformed random
variable has the following property

X∗ ∼ Beta(1, 1). (32)
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Fig. 1. The Q-Q plot for the variable X
(1)
+ in the veri�cation of assumption 2

Fig. 2. The Q-Q plot for the variable X(1) in model 1

We need a similar to (31) transformation formula for Y corresponding to a mixture of beta
distributions

Y ∼ p ·Beta(a1, a2) + (1− p) ·Beta(b1, b2). (33)

Introduce a transformation

Y ∗ = p · I(Y ; a1, a2) + (1− p) · I(Y ; b1, b2), (34)

then Y ∗ ∼ Beta(1, 1).
Formally, all hypotheses of goodness-of-�t necessary for our purposes have a general

form. LetX1, . . . , Xn be a sequence of independent identically distributed random variables
with distribution F . Then the null hypothesis is

H0 : F (x) = I(x; 1, 1). (35)
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Fig. 3. The Q-Q plot for the variable X(1) in model 2

Fig. 4. The Q-Q plot for the variable X(1) in model 3

To verify the correspondence between the sample distribution and the theoretical law, we
use the Anderson�Darling tests of goodness-of-�t [19], based on statistic [20]

SΩ = −n− 2
n∑

i=1

{
2i− 1

2n
lnF (xi, θ) +

(
1− 2i− 1

2n

)
ln(1− F (xi, θ))

}
. (36)

We point out that large values of SΩ statistics indicate poor compliance. The distribution
of the statistics SΩ rapidly approaches the asymptotic distribution, which has the form [21]

a2(S) =

√
2π

S

∞∑
j=0

(−1)j
Γ(j + 1

2
)(4j + 1)

Γ(1
2
)Γ(j + 1)

exp

{
−(4j + 1)2π2

8S

}
×

×
∞∫
0

exp

{
S

8(y2 + 1)
− (4j + 1)2π2y2

8S

}
dy.

(37)

For practical purposes, this distribution may be used provided that the sample size is
greater than 5 [19].
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In conclusion, consider the hypothesis testing scheme. We take assumption 4. Since
Z(1) ∼ Dir(α(1)), using properties (5) and (6) of the Dirichlet distribution, one can obtain

Z∗
1 = Z

(1)
1 , Z∗

i =
Z

(1)
i

(1−
i−1∑
j=1

Z
(1)
j )

Z∗
1 ∼ Beta(α

(1)
1 ,

m∑
j=2

α
(1)
j ),

Z∗
i |Z

(1)
1 , . . . , Z

(1)
i−1 ∼ Beta(α

(1)
i ,

m∑
j=i+1

α
(1)
j ), i = 2, . . . ,m− 1.

(38)

Apply the transformation (31) toZ∗
i and obtain

Y1 = I(Z∗
1 ;α

(1)
1 ,

m∑
j=2

α
(1)
j ),

Yi = I(Z∗
i ;α

(1)
i ,

m∑
j=i+1

α
(1)
j ), i = 1, . . . ,m− 1.

(39)

Then, given (32), we can formulate the hypothesis of goodness-of-�t in the following form

H0 : Fi(y) = I(y; 1, 1), (40)

where Fi(y) is the distribution function of Yi, i = 1, . . . ,m− 1; I(y, 1, 1) is the regularized
incomplete beta function with parameters (1,1).

Table 2

The results of the goodness-of-�t test

Alternative Model SΩ p-value
<K> 1 1,4679 0,1844

2 0,67315 0,5807
3 0,51872 0,7273

<E> 1 1,0981 0,3095
2 0,51691 0,7286
3 0,13964 0,9992

As it can be seen, when setting the signi�cance level α < 0, 18, there is no cause for
rejecting the hypotheses tested by the goodness-of-�t test for all models.

Conclusion

In this paper we propose new probabilistic models describing the results of document
recognition in video stream. The concept of the �ow of recognition results is introduced.
The considered models suggest that the result of sign recognition in the �eld of the
document can be represented as a combination of random variables and random vectors.
For various assumptions, expressions for the density of the results of sign recognition
are obtained. Methods for parameters estimation are presented. The Akaike information
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criterion is used for ranking models. Tests that con�rmed the adequacy of the stochastic
models were carried out. In conclusion, note that the solution of the problem of integration
the parameters obtained by simulation of the �ow of the recognition results can be used
for [7].
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ÌÎÄÅËÈÐÎÂÀÍÈÅ ÏÎÒÎÊÀ ÐÅÇÓËÜÒÀÒÎÂ ÐÀÑÏÎÇÍÀÂÀÍÈß
ÑÈÌÂÎËÎÂ Â ÂÈÄÅÎÏÎÑËÅÄÎÂÀÒÅËÜÍÎÑÒßÕ

Â.Â. Àðëàçàðîâ1,2, Î.À. Ñëàâèí1,2, À.Â. Óñêîâ1, È.Ì. ßíèøåâñêèé1

1Ôåäåðàëüíûé èññëåäîâàòåëüñêèé öåíòð ≪Èíôîðìàòèêà è óïðàâëåíèå≫ ÐÀÍ,
ã. Ìîñêâà, Ðîññèéñêàÿ Ôåäåðàöèÿ
2ÎÎÎ ≪Ñìàðò Ýíäæèíñ Ñåðâèñ≫, ã. Ìîñêâà, Ðîññèéñêàÿ Ôåäåðàöèÿ

Â äàííîé ðàáîòå ðàññìàòðèâàþòñÿ ïðîáëåìû ïîñòðîåíèÿ âåðîÿòíîñòíûõ ìîäåëåé,

ñîãëàñîâàííûõ ñ ðåçóëüòàòàìè ðàñïîçíàâàíèÿ îáðàçîâ ñèìâîëîâ â âèäåîïîñëåäîâàòåëü-

íîñòÿõ. Ñôîðìóëèðîâàíà ñîâîêóïíîñòü ïðåäïîëîæåíèé, îïðåäåëÿþùèõ ñòðóêòóðó è

ñâîéñòâà ïîñòðîåííûõ ìîäåëåé. Âûäåëåí êëàññ ðàñïðåäåëåíèé, à èìåííî ðàñïðåäåëå-

íèå Äèðèõëå è åãî îáîáùåíèÿ, çàäàþùèõ îïèñàíèå êîìïîíåíòîâ ìîäåëåé, è ïðèâåäå-

íû ìåòîäû ñòàòèñòè÷åñêîãî îöåíèâàíèÿ ïàðàìåòðîâ óêàçàííûõ ðàñïðåäåëåíèé. Äëÿ

ðàíæèðîâàíèÿ ìîäåëåé èñïîëüçóåòñÿ èíôîðìàöèîííûé êðèòåðèé Àêàèêå. Ïðîâåäåíà

ïðîâåðêà ñîãëàñèÿ ïðåäëîæåííûõ òåîðåòè÷åñêèõ ðàñïðåäåëåíèé âûáîðî÷íûì äàííûì.

Êëþ÷åâûå ñëîâà: âåðîÿòíîñòíàÿ ìîäåëü; âèäåîïîñëåäîâàòåëüíîñòü; ðàñïîçíàâà-

íèå ñèìâîëîâ; ðàñïðåäåëåíèå Äèðèõëå; êðèòåðèé Àêàèêå; êðèòåðèé ñîãëàñèÿ Àíäåðñî-

íà � Äàðëèíãà.

26 Bulletin of the South Ural State University. Ser. Mathematical Modelling, Programming
& Computer Software (Bulletin SUSU MMCS), 2018, vol. 11, no. 2, pp. 14�28



ÌÀÒÅÌÀÒÈ×ÅÑÊÎÅ ÌÎÄÅËÈÐÎÂÀÍÈÅ

Ëèòåðàòóðà

1. Hartl, A. Real-Time Detection and Recognition of Machine-Readable Zones with Mobile
Devices / A. Hartl, C. Arth, D. Schmalstieg // Proceedings 10th International Conference
on Computer Vision Theory and Applications (VISAPP 2015). � 2015. � P. 79�87.

2. Tian, S. Uni�ed Framework for Tracking Based Text Detection and Recognition from Web
Videos / S. Tian , X.C. Yin, Y. Su, H.W. Hao // IEEE Transactions on Pattern Analysis
and Machine Intelligence. � 2018. � V. 40, � 3. � P. 542�554.

3. Àðëàçàðîâ, Â.Â. Àíàëèç îñîáåííîñòåé èñïîëüçîâàíèÿ ñòàöèîíàðíûõ è ìîáèëüíûõ ìà-
ëîðàçìåðíûõ öèôðîâûõ âèäåîêàìåð äëÿ ðàñïîçíàâàíèÿ äîêóìåíòîâ / Â.Â. Àðëàçàðîâ,
À.Å. Æóêîâñêèé, Â.Å. Êðèâöîâ, Ä.Ï. Íèêîëàåâ, Ä.Â. Ïîëåâîé // Èíôîðìàöèîííûå òåõ-
íîëîãèè è âû÷èñëèòåëüíûå ñèñòåìû. � 2014. � � 3. � Ñ. 71�81.

4. Bulatov, K. Smart IDReader: Document Recognition in Video Stream / K. Bulatov,
V. Arlazarov, T. Chernov, O. Slavin, D. Nikolaev // The 14th IAPR International Conference
on Document Analysis and Recognition (ICDAR 2017). � 2017. � P. 39�44.

5. Áóëàòîâ, Ê. Ìåòîäû èíòåãðàöèè ðåçóëüòàòîâ ðàñïîçíàâàíèÿ òåêñòîâûõ ïîëåé äîêóìåí-
òîâ â âèäåîïîòîêå ìîáèëüíîãî óñòðîéñòâà / Ê. Áóëàòîâ, Â. Êèðñàíîâ, Â.Â. Àðëàçàðîâ è
äð. // Âåñòíèê ÐÔÔÈ. � 2016. � � 4. � Ñ. 109�115.

6. Àðëàçàðîâ, Â.Ë. Íàêîïèòåëüíûå êîíòåêñòû â çàäà÷å ðàñïîçíàâàíèÿ / Â.Ë. Àðëàçàðîâ,
À.Å. Ìàð÷åíêî, Ä.Ë. Øîëîìîâ // Òðóäû ÈÑÀ ÐÀÍ. � 2014. � Ò. 64, � 4. � Ñ. 64�72.

7. Áóëàòîâ, Ê.Á. Âûáîð îïòèìàëüíîé ñòðàòåãèè êîìáèíèðîâàíèÿ ïîêàäðîâûõ ðåçóëüòàòîâ
ðàñïîçíàâàíèÿ ñèìâîëà â âèäåîïîòîêå / Ê.Á. Áóëàòîâ// Èíôîðìàöèîííûå òåõíîëîãèè
è âû÷èñëèòåëüíûå ñèñòåìû. � 2017. � � 3. � Ñ. 45�55.

8. Ricci, V. Fitting Distributions with R / V. Ricci. � 2005. � 24 p. � URL: https://cran.r-
project.org/doc/contrib/Ricci-distributions-en.pdf

9. Ongaro, A. Generalization of the Dirichlet Distribution / A. Ongaro, S.A. Migliorati //
Journal of Multivariate Analysis. � 2013. � V. 114. � P. 412�426.

10. Connor, R. Concepts of Independence for Proportions with a Generalisation of the Dirichlet
Distribution / R. Connor, J.J. Mosimann // Journal of the American Statistical Association. �
1969. � V. 64, � 325. � P. 194�206.

11. Ng, K.W. Dirichlet and Related Distributions: Theory, Methods and Applications /K.W. Ng,
G.-L. Tian, M.-L. Tang. � Chichester: Wiley, 2011.

12. Elfadaly, F. Eliciting Dirichlet and Connor � Mosimann Prior Distributions for Multinomial
Models / F. Elfadaly, P. Garthwaite // Test. � 2013. � V. 22, � 4. � P. 628�646.

13. Fang, K. Symmetric Multivariate and Related Distributions / K. Fang, S. Kotz, K.W. Ng. �
N.Y.: Chapman and Hall, 1990.

14. Ronning, G. Maximum Likelihood Estimation of Dirichlet Distributions / G. Ronning //
Journal of Statistical Computation and Simulation. � 1989. � V. 32, � 3. � P. 215�221.

15. Robitzsch, A. Sirt: Supplementary Item Response Theory Models. R Package Version 2.6-9 /
A. Robitzsch. � URL: https://cran.r-project.org/web/packages/sirt/index.html

16. Migliorati, S. A Structured Dirichlet Mixture Model for Compositional Data: Inferential And
Applicative Issue / S. Migliorati, A. Ongaro, G.S. Monti // Statistics and Computing. �
2017. � V. 27, � 4. � P. 963�983.

17. Migliorati, S. FlexDir: Tools to Work with the Flexible Dirichlet Distribution. R Package
Version 1.0 / S. Migliorati, A.M. Di Brisco, M. Vestrucci. � URL: https://cran.r-
project.org/web/packages/FlexDir/index.html

Âåñòíèê ÞÓðÃÓ. Ñåðèÿ ≪Ìàòåìàòè÷åñêîå ìîäåëèðîâàíèå
è ïðîãðàììèðîâàíèå≫ (Âåñòíèê ÞÓðÃÓ ÌÌÏ). 2018. Ò. 11, � 2. Ñ. 14�28

27



V.V. Arlazarov, O.A. Slavin, A.V. Uskov, I.M. Janiszewski

18. Li, Y. Goodness-of-Fit Tests for Dirichlet Distributions with Applications: PhD Thesis /
Y. Li. � Bowling Green State University, 2015.

19. Stephens, M.A. Goodness of Fit, Anderson-Darling Test of / M.A. Stephens// Encyclopedia
of Statistical Sciences. � 2006. � 4 p.

20. Ëåìåøêî, Á.Þ. Ñòàòèñòè÷åñêèé àíàëèç äàííûõ, ìîäåëèðîâàíèå è èññëåäîâàíèå âåðîÿò-
íîñòíûõ çàêîíîìåðíîñòåé / Á.Þ. Ëåìåøêî, Ñ.Á. Ëåìåøêî, Ñ.Í. Ïîñòîâàëîâ, Å.Â. ×è-
ìèòîâà. � Ì.: ÍÈÖ ÈÍÔÐÀ-Ì, 2015.

21. Áîëüøåâ, Ë.Í. Òàáëèöû ìàòåìàòè÷åñêîé ñòàòèñòèêè / Ë.Í. Áîëüøåâ, Í.Â. Ñìèðíîâ. �
Ì.: Íàóêà, 1983.

Âëàäèìèð Âèêòîðîâè÷ Àðëàçàðîâ, êàíäèäàò òåõíè÷åñêèõ íàóê, çàâåäóþùèé îò-
äåëîì, Ôåäåðàëüíûé èññëåäîâàòåëüñêèé öåíòð ≪Èíôîðìàòèêà è óïðàâëåíèå≫ ÐÀÍ
(ã. Ìîñêâà, Ðîññèéñêàÿ Ôåäåðàöèÿ); ÎÎÎ ≪Ñìàðò Ýíäæèíñ Ñåðâèñ≫ (ã. Ìîñêâà, Ðîñ-
ñèéñêàÿ Ôåäåðàöèÿ), bvva777@gmail.com.

Îëåã Àíàòîëüåâè÷ Ñëàâèí, äîêòîð òåõíè÷åñêèõ íàóê, ãëàâíûé íàó÷íûé ñîòðóä-
íèê, Ôåäåðàëüíûé èññëåäîâàòåëüñêèé öåíòð ≪Èíôîðìàòèêà è óïðàâëåíèå≫ ÐÀÍ
(ã. Ìîñêâà, Ðîññèéñêàÿ Ôåäåðàöèÿ); ÎÎÎ ≪Ñìàðò Ýíäæèíñ Ñåðâèñ≫ (ã. Ìîñêâà, Ðîñ-
ñèéñêàÿ Ôåäåðàöèÿ), oslavin@isa.ru.

Àíàòîëèé Âàñèëüåâè÷ Óñêîâ, êàíäèäàò ôèçèêî-ìàòåìàòè÷åñêèõ íàóê, çàâåäóþ-
ùèé ëàáîðàòîðèåé, Ôåäåðàëüíûé èññëåäîâàòåëüñêèé öåíòð ≪Èíôîðìàòèêà è óïðàâ-
ëåíèå≫ ÐÀÍ (ã. Ìîñêâà, Ðîññèéñêàÿ Ôåäåðàöèÿ), uskov@isa.ru.

Èãîðü Ìèõàéëîâè÷ ßíèøåâñêèé, êàíäèäàò ôèçèêî-ìàòåìàòè÷åñêèõ íàóê, ñòàð-
øèé íàó÷íûé ñîòðóäíèê, Ôåäåðàëüíûé èññëåäîâàòåëüñêèé öåíòð ≪Èíôîðìàòèêà è
óïðàâëåíèå≫ ÐÀÍ (ã. Ìîñêâà, Ðîññèéñêàÿ Ôåäåðàöèÿ), yanishevsky@isa.ru.

Ïîñòóïèëà â ðåäàêöèþ 20 àïðåëÿ 2018 ã.

28 Bulletin of the South Ural State University. Ser. Mathematical Modelling, Programming
& Computer Software (Bulletin SUSU MMCS), 2018, vol. 11, no. 2, pp. 14�28




