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1 INTRODUCTION

Absence of time-consuming operations indicates a sufficient simplicity of the computational
procedure that realises the parallel hierarchical transformation, and makes it an efficient
method for use in various applied areas requiring a combination of a high level of parallelism
and a compact form of data representation.

A general algorithm of fast recognition of laser beam spots (LBS) images can be devel-
oped based on the proposed method of parallel-hierarchical transformation for processing
dynamic images (Fig. 3.1).

This algorithm envisages a call to subroutine NetForm, a subprogram serving to construct
network structures for images. A detailed description of the subroutine is shown as an algo-
rithm (Fig. 3.2).

This subroutine performs input of the initial information to the PH network. After that,
G-transformation of information takes place at all levels of the PH network.

2 THE G-TRANSFORMATION

The G-transformation is performed in the following way. The vector of the incoming image
is sent to the PH network input (to input elements of first level branches of the network).
A mathematical model of the parallel decomposition of the set #={a,},i=1n (Timchenko
et al. 2011), used in each branch of the PH network, looks as follows;

n P &l
Sa—> (n—%nk )(a"-a""),

i=1 i*=1

where g, #0, P is the dimensionality of this set (a number of set elements) or the dimensional-
ity of the PH network branch at its every level, a?, z =1, P are elements of subsets consisting
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Figure 3.1 A general algorithm of laser beam spots image recognition.
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Figure 3.2 A subroutine algorithm of the creation of image network structure.
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of equal elements, n_is the number of elements in the k% subset (i.e. the order of number a),
Q’ is the 1st element of the set {a’}, selected at the j~th step, j* =1,P,a° =0, n,=0.

When a structure of two networks is constructed, the average values of weighting coef-
ficients and tuning coefficients (2) are being determined. Based on the calculated tuning
coefTicients, a normalising equation (6) is being formed.

If an average value a; is rounded up to the nearest integer, the subroutine PosNegNets is
called. It is a subprogram that forms two connected PH networks for processing positive and
negative difference components. A formation algorithm of the two networks is similar to the
formation algorithms of the network structure for images.

After that, a normalising criterion for the route as a whole is being found with further
classification of images into “good” and “bad” according to the ratio.

If the threshold criterion is determined, the classification is conducted again.

Let us develop a preliminary processing algorithm of route fragments (Fig. 3.3)

An image of the laser route fragment arriving to the system input undergoes the following
preliminary processing:

1. Determine maximum fragment brightness to form n border lines;

2. Having selected a necessary number of boundaries, find their geometrical centres and
average parameters for the whole frame;

3. Form tunnel boundaries using a trained sample and averaged frame parameters;

4. Check if calculated frame parameters are included into the tunnel. Based on this verifica-
tion, frame image classification is performed. If an image was classified as “bad”, image
parameters are corrected, included into the taught sample, and an additional training of
the system is performed.

The developed application is intended to process and classify laser beam spots images.

Bden-nim maximum brightness

of the route fragment

Form border lines

| Use the taught frame sample |

[ Form tunnel boundaries |

Image parameters fall
into the tunnel

) EeSendinct it |
L

Figure 3.3 A preliminary processing algorithm of route fragments.
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Figure 3.4 Screen form of the PH network application for fast recognition of laser beam spot images.

The software window (Fig. 3.4) represents a form divided into two parts: the left part con-
tains a processing panel of the reference frame of the laser beam spots images route, and the
right one—that of the current frame of the laser beam spots images route.

3 INFORMATION ABOUT THE FRAME PARAMETERS

Information about the frame parameters is exhibited in the upper part:

— frame width, pixels;

— frame height, pixels;

— information about the route containing the frame;
— frame file name;

— number of frames in the route.

The bottom part contains tabs:

— construction of the network graph, which can be obtained and saved as a PH network
graph file;

— route fragment processing, where a route fragment can be processed;

— image comparison, where laser beam spot images are compared and classified;

— determination of energy centres, where laser beam spot energy centres are determined and
the PH network is trained.

An energy centre is a point in the image, where coordinates (x,y) of a two-dimensional sig-
nal with a specific nonlinear density meet a given value of f{x, y), and are expressed as follows:

w=_}l_”2=\,:z w(/( xy)),x,y“=ﬁ1;:=;w(f(xy) »M= gg‘V( y))

where M is the first order moment of inertia.

4 ESTIMATION OF EFFICIENCY

To estimate the efficiency of suggested algorithms and the soft hardware developed on their
basis, let us describe the technical advantages of the means of the PH transformation as
demonstrated by the developed products and conducted experiments. A comparative charac-
terisation is shown in Table 3.1.
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Table 3.1 Comparative characterisation of the means of the parallel-hierarchical transformation.

Indices
Known soft Proposed soft
Known soft hardware Known soft hardware (GPU,
hardware (imitational hardware (CPU, method of the
(imitational modelling based  PH transformation =~ PH network
modelling based  on neural-like method based training based on
on MLP and network on the Q- the normalising
Parameter RBF networks).  technology) decomposition) equation)
Average size of 70 74 ; 50 18
good route
fragments (%)
Average value 92 92,5 84,8 94
of correct
recognition
(%)
Accuracy of the 15 1,5 1,2 0,01
energy centre
determination,
decomposition
elements
Average = - 8,4 1,52
recognition
time of
network
processing (s)
Average time of - - 3,32 0,6
preliminary ?
processing
of route
fragments (s)

The use of neural-like network technologies for classification of extended laser route images
is analysed in (Timchenko et al. 2011). The computer modelling revealed 92.5% correctly rec-
ognised images, including 74% “good” images and 60% “bad” images. In (Timchenko et al.
2011), a recognition system was modelled on the basis of the MLP neural-like network and
RBF-based neural-like network. Recognition of a sample that included 140 laser route spot
objects by the RBF-based neural-like network modelled in the Statistica Neural Networks
4.0 yielded 92% correctly recognised images. Comparing the results of (Timchenko et al.
2011, Timchenko et al. 2013) and those studied in this article tells us about the potential of
the latter.

Therefore, the suggested method, algorithms and soft hardware permit to measure energy
centre coordinates of laser route fragment images based on the normalising equation with an
accuracy of no more than 0.01 decomposition elements, thus exceeding known methods (e.g.
those based on determination of the gravity centre using the method of moment characteris-
tics (Timchenko et al. 2011, Timchenko et al. 2013, Timchenko et al. 2014) by the accuracy of
1.5 times on average, which is reflected in Table 3.1. The time necessary for preliminary and
network processing of the laser route fragment images decreases as well.

Four routes, each containing 100 frames, were used in experimental research of the
parallel-hierarchical transformation for fast recognition of laser beam spot images. Using
the normalising equation, let us determine the normalised measures for Route 1 (Fig. 3.5).
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Figure3.5 Determination of the normalised measure for further classification of Route 1 fragments.
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Figure3.6 Classification of Route 1 fragments (with the respective threshold criterion).

Using inequations, let us classify images (Fig. 3.6a).

As can be seen, the portion of “good” images is 18%. As a rule, in real conditions, posi-
tions of energy centres cannot be determined absolutely accurately, therefore less tight limits
should be set for the threshold criterion using relation (Figure 3.6b and 3.6c) An average
portion of “good” images in this case is 40% and 59% respectively. Then the PH network is
trained for repeated processing of “bad” route fragments.

In physical modelling of the method of PH transformation and determination of extended
laser route image coordinates using the graphic adapter Radeon X1300, processing of a sin-
gle image takes about 0.6 s. Radeon X1300 is a basic solution in the ATI Radeon family of
graphic adapters based on the graphic processor RV515 with the main characteristics of 4
pixel pipelines, 4 texture units and 2 vertex pipelines.

An approach of flow programming is suggested to program the GPU. This approach
includes splitting a program into relatively small stages (core programs) that process data
flow elements. Core programs go into shaders, and data flows go into textures in the GPU.
A shader is a program performed in the GPU and processing the data flow. “Data flow”
means information about the coordinates of polygon vertices, each vertex illumination,
normal mapping, texture coordinates and so on, that permanently arrives in blocks to the
shader program. A video processor receives outgoing information for all three vertices of the
polygon. Having data on the three vertices, the GPU goes through all the pixels of a single
polygon, while gradually changing (interpolating) vertex values from one vertex to another.
A shader length is a memory space of the shader program. Considering that data arriving to
the shader are random for the programmer, in a sense that the order in which the data will be
sent to the shader is not preset, the shader program does not have any statistical or general
variables; there is nothing similar to files or information storage between calls. Otherwise, the
shader program is similar to a regular C program: there are input, output and time variables,
standard functions, structures, arrays, cycles and conditional operators.

Image processing takes place in the GPU with cores realised at all elements covered by the
initial region. The only obvious way to calculate a scalar of the input vector is to represent
1 % 1 initial elements and use a core that is read in all values from the input texture. This
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approach has several drawbacks. First, only one of the parallel elementary processors would
be busy. Second, that would probably exceed the maximum memory size, including the mem-
ory of the shader and static instruction of calculation for some hardware. That is why we will
perform a parallel operation of reduction based on global methods of communication on
parallel computers.

5 EXPERIMENT

At the high level, GPU-based parallel calculation is a correction of sizes of the input and out-
put texture and of index elements. For the presented vector M of the length M, the output of
the first step is M/2 with texture M/2. For each of its elements, coordinates for input texture
are corrected in such a way that they correspond to disconnected 2 x 2 subregions. Then the
values in those subregions are compared. This is repeated recursively until the 2 x 2 texture is
reduced finally to the 1 x 1 “scalar” texture through a logarithmic series of repetitions.

Next series of images finalise the first step of the 8 x 8 algorithm reduction of the input
texture (Fig. 3.7). The left image demonstrates the input texture. Initial elements are marked
in green (Fig. 3.7a). The right image is a result of the first round of reduction. Each initial
element contains a local transfer maximum of the 2 x 2 subregion in the input texture. This
relation, in addition, is distinguished in the second line of images (Fig. 3.7b). Next, let us
determine the coordinates of energy centres of a fragment of Route 1 (Fig. 3.8). A diagram
of changes in the energy centre coordinates of fragments of Route 1 is shown in Figure 3.9.
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Figure3.7 A diagram of pixel processing using the Radeon X 1300 graphic adapter.
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After the PH network training, a portion of “good” images was 83% (as compared to 18%).
The graphic interpretation of determination of energy centre coordinates after the PH net-

work training is demonstrated in Figure 3.10.

After the PH network training, a portion of “good” images of Route 2 was 76% (12%

before training) (Fig. 3.11 versus Fig. 3.12).

After the PH network training, a portion of “good” images of fragments of Route 3 was

65% (15% before training) (Fig. 3.13 versus Fig. 3.14).

Finally, after the PH network training, a portion of “good” images of route 4 reached 83%

as compared to 17% before training (Fig. 3.15 versus Fig. 3.16).
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Figure3.9 Determination of coordinates of energy centers of Route 1 fragments.
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Figure 3.10 Determination of energy centre coordinates of fragments of Route 1 after the PH network
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training.

The work deals with an important problem of improved efficiency of dynamic image rec-
ognition. The analysis of modern trends in the development of fast recognition technologies
for dynamic images, as well as the analysis of the PH transformation development, allows to
classify the suggested parallel-hierarchical approach as a neural-like method of transforma-
tion with a network of direct propagation and the space-time organisation of connections.
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training.

The authors think that efficiency of computational structures can be increased by applying
a developed method of PH transformation with the formation of a normalising equation.

For quality classification and processing of a sequence of extended laser route spot images,
a threshold criterion was introduced. Methods of PH transformation were developed: by
introducing a set A that contains measures of correspondence between the reference and cur-
rent PH network tuning coefficients, and by finding a measure of correspondence between
two networks as a whole.

Using a normalising equation, processing and recognition of algorithms for laser beam
spot images were developed, and PH network structures for images based on G-transforma-
tion were constructed. The developed algorithms allow to determine energy centre positions
and to classify laser route image frames. Peculiarities of real-time realisation of the algo-
rithm of the developed method for route fragments are discussed, and a choice of means for
software development is explained. On the basis of the developed algorithms, software was
created for modelling a neural-like parallel-hierarchical network, which was used for image
classification and fast processing.

Experimental methods to study the processing of laser beam spot image fragments were
developed, which allow to verify the adequacy of the proposed algorithms and to obtain
results of fast processing and classification of laser beam spot image fragments.

In the conducted experiments, an average portion of “good” route fragments was 17%, as
compared to 50% in (Timchenko et al. 2011). However, after the training, it increased to 79.25%
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(as compared to 65% (Timchenko et al. 2013)). It was also established that an average rate of
correct recognition was 94% (84.8% (Timchenko et al. 2013)), and the accuracy of energy cen-
tre determination was no more than 0.01 decomposition elements (as compared to 1.2 decom-
position elements (Kim & Wunsch 2003)), which is reflected in Table 3.1. This is, on average,
1.5 times higher than the accuracy of the known methods, for instance in comparison to gravity
centre determination using a method of moment characteristics, Physical modelling of the PH
transformation method for fast image recognition using the Radeon X1300 graphic adapter
demonstrates that the processing of one image requires approximately 0.6 s (3.32 s (Timchenko
et al. 2013)), and network processing requires 1.52 s (8.4 s (Timchenko et al. 2013)).

From recent achievements in the sphere of neurobiological research it is known that for
coding within the frame of such an approach the information is presented by the popula-
tion of active neurons (Haykin 1999, Timchenko et al. 2011). This important property was
demonstrated in the experiments performed by Sparks, analysing how the brain of a monkey
controls the motion of its eyes. The conclusion was made that the needed motion is coded by
a population of the cells, each of which presents a motion different from others. The motion
performed by the eye corresponds to the average of all the motions, coded by the active cells.
As Yaung and Yamane showed in the experiments with the cerebral cortex of a monkey,
population coding is valid not only for the motion of eyes but also for features of the face.

In accordance with the idea of population coding, the currently recognised image must
be compared with a certain average representation of the reference pattern—average by all
current patterns (in other words, by all the teaching sample) on the basis of averaging the PH
network parameters.

Let us use the general idea of population coding (Timchenko et al. 2013) and construct
a model of any finite operation conducted by all current operations, i.e. a finite operation
consisting of a sequence of current operations. For instance, a finite operation in the form
of a visual saccade consists of a sequence of current micro-saccades. At the branch level of
the neural network, this finite operation with the realisation of population coding meets the
averaged parameters of this network (Timchenko et al. 2013). For the PH network, both a
number of elements in the branch of each level, which are determined on the basis of the
model, and the values of the element itself may be taken as averaged parameters. In this case
the currently recognised pattern will be reflected by the current PH network and compared
with the reference PH network with averaged parameters (the PH network with averaged
parameters forms a reference network of the reference pattern).

Having denoted the average value of the random element of the first level as @}

! » the second
level as @?,, the third level as @, etc., the k™ last level as a,, and the average number of elements

of the first level as N, , the second level as N_, , the third level as N_, , etc,, and the k' level as

N_, ,onecanforma PH network with averaged parameters accordmg to the idea of population
coding The average number of certain layer elements is calculated according to the formula:

k
Z ai./
e
aq
W)
N.k
4y

The structure of the PH network with averaged parameters thus synthesised is shown in
Figure 3.17.

A current pattern or a tested pattem prepared by the parallel-hierarchical network with
current parameters a; ;,a; ,,a, ';--»@;; and a respective number of elements in branches of
each level N 4 ,N N 4" a," 1s bemg compared with the reference pattern prepared by
the parallel- hnerarchlcal network with averaged parameters a,a?,a’, @’ and an aver-

age number of elements in branches of the respective level N_, ,N_2 ,N_3 R N_k Current
%4
parallel-hierarchical network parametersa} ,a? ,a} ,...,af, are calculated in network branches
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Figure3.17 Structure of the parallel-hierarchical network with averaged parameters.

A current pattern or a tested pattern prepared by the parallel-hierarchical network with
current parameters a; ,,a?,,a;,...,af, and a respective number of elements in branches of
each level N, ,N, ,N, ,-~-,N , is being compared with the reference pattern prepared by

%4 L) T %

the parallel-hierarchical network with averaged parameters @, a2, a@’,, ...,

number of elements in branches of the respectivelevel N, ,N_, ,N_, ,---, Na}_ . Current parallel-
o

4y 9 %
hierarchical network parameters a! O ) 900 O7; ATE calcuilated in network branches.

Using an adaptive threshold transformation with a computed threshold based on a for-
mula for boundary preparation of the parallel-hierarchical network elements for each level
as described in (Timchenko et al. 2013), and on the basis of the three-level coding, it is pos-
sible to represent averaged parameters a;;, @2, @, ..., a, with their ternary labels (-1, 0, +1).
Then arrays of difference of the element with an average brightness value of decomposition
elements of the pattern (or of its fragment) are determined.

For a random averaged parameter, a ternary level transition may be presented by three
types of labels: zero label a,, positive a/ ;, and negative a;}. In this case a parallel-hierarchi-
cal network with numerical counts is transformed into a parallel-hierarchical network with
counts a,,a};,a;} (Timchenko et al. 2011). This ternary transformation procedure may be
described in the following form:

gk
af, and an average

M~
RU_al,j a; ;-

To prepare a pattern, the resulting difference is compared with the computed threshold &, i.e.

, ifR,>J
a)={-1, ifR,<-0. 3.
0, ifIR,I<&
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The threshold §1is calculated from the condition:
NV NV N9 = Max, 3.2

‘When condition (3.2) is satisfied, the relation N/ = N{™ = N/® will be true.

In contrast to the threshold transfer function of a neuron for the known neural networks
(Haykin 1999), when a parallel-hierarchical network is realised for the threshold function
(3.1), a threshold is not set as a certain constant, but is a function of a number of positive,
negative and zero preparations, and is calculated by (3.2).

Therefore, the threshold adaptive transformation ensures that when forming ternary labels,
current and averaged image elements are not compared at the level of noise signals, or with
zero, in (3.1). Instead, for each image its own threshold §is calculated that would be adapted
to a particular image, thus increasing noise immunity of the transformation.

Such a transformation simplifies the correlation comparison procedure of current and
reference parallel-hierarchical network counts, because it is performed on simple labels
(0, +1, —1) instead of halftone counts.

In order to form reference images, training within a sample should be conducted. For this
purpose, it is necessary to perform averaging in branches of each level, i.e. to form averaged
elements a; ,,a? @ jars Lak *, and then move to ternary labels a’ ' »a} ,,a; ;. Having completed the
manipulations described above, it is possible to form a parallel-hierarchical network with
reference parameters for current images. After that a correlation coefficient of the parallel-
hierarchical network with current parameters can be found. (Under the parallel-hierarchical
network with current parameters we understand a PH network with current values of its ele-
ments a; ,a; J,a,{,, af, with a transfer to ternary labels j,a, ;»a;; and a current number
of elements in the branch of each level N N, ,N 2 N 4

To analyse the data when their sequencé’is 1nfborta’nt trme' series are used. In this method,
coordinates of energy centres of laser beam spot images are used as estimates of interest.

That is, for a random average parameter such a transition can be presented by three kinds
of preparations: a/,,a} , and a‘} In this case, a parallel-hierarchical network with numerical
counts will be transformed into a PH network with binarised counts a?;,a;, and a;}. As a
result, the comparison procedure of binarised counts of current and reference PH networks
is considerably simplified.

For the formation of referenced image, for instance of a biomedical image of the norm
and images with pathologies, it is necessary to carry out their teaching within the limits of
the teaching sample.

For this purpose it is necessary, during each teaching stage, to make an average by the ele-
ment of the branch of each level, i.e. from average elements a@',,@?;,a’,....,a; further passing
to the binarised preparations a;,a} ,a;}. Having performed the above-menuoned actions,
PH networks can be formed with reference parameters for the images of the form and images
with various pathologies.

Having realised parallel-hierarchical networks with reference parameters for normal
images and images with various pathologies, a comparison with the parallel-hierarchical net-
work can be made, using current parameters. By the PH network with current parameters we
imply the parallel-hierarchical network with current values of its elements a} ,,a?,,a} ,...,af Y
with the transition to the binarised preparations af;,a! ;,a;} and the current number of ele-
ments in the branches of each level N, ,N , ,N 3 .»N, . The comparison procedure of
the parallel-hierarchical network with fiferenbe pdrametet’s and the PH network with cur-
rent parameters comprises their topographic superposition and calculation of the number of
coincidences of the same binarised elements.

Two binarised PH networks coincide if all the counts of each preparation similarly located
in the network are pairwise equal. In case of detergency dimensionalities of the compared
parallel-hierarchical networks it is necessary to introduce in its branches additional codes with
coding of the fourth state. For evaluation of the result of binarised parallel-hierarchical net-
works we will introduce a quantitative index, characterising their degree of coincidence (3.3)
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R(c.,¢,) = Z(@§). N(@§?), +-+-+ Z(afi ), N(af§ ), (3.3)

where ¢, = f,(a},,a};,--,af;) is the networking function of a reference image,
¢, = f,(al,.al,,---af) is the networking function of the current image and
a?) e{a {{V,ak",af™}, and N denotes a coincidence of similar binarised preparations,
when they are compared. Components (3.3) equal unit only in the case, when similar prepa-
rations coincide, i.e.:

(@t Ny, ={g £ 5776

0, else

The total number of the elements in the reference PH network is calculated in the follow-
ing manner

N,= N"b + Na.?J *oet anj, + Nq,‘J

Normalised degree of binarised preparations comparison is calculated in the following way:

ot = RCcty)
NC
We suggest the following example of binarised preparations comparison at the second
level for two PH networks (Fig. 3.18).
Let us calculate for this example (Fig. 3.18) the degree of coincidence R(c,,c,) and the
normalised degree of comparison R for the second level of the current and reference PH
networks.

R(c,c,)=)+A+D)+A+D)+(1+1+)+(A+1+1+ D)+ (1 +1+1+1)=16.

The total number of elements in the reference PH network at the second level is N_ = 21.
The normalised degree of comparison R while comparing the binarised counts of the current
and reference PH networks for their other levels will be the following:

‘R=M=&=0,762
N 21

€

It is obvious that the normalised measure of comparison of two PH networks is defined
within the following limits

0sR<1
1 1
0 -1 0 -1
-1 0 1 0 0 1
0 101 0 10 -1
1 -1 00 -1 1 -1 1 0 -1
o 101 -11 0 10 O0-10
a) b)

Figure 3.18 Example of the comparison of binarised preparations at the second level of: a) the refer-
ence PH network, and b) the current PH network.
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6 CONCLUSIONS

An important factor is that the normalised measure of comparison can be calculated not
only separately for each two levels, but also in common for two PH networks. This improves
the probability of the recognition of results formation. Thus, for network teaching, we sug-
gest applying the idea of population coding in an artificial neural network and its similarity
to natural neural networks, to represent the current image by the current PH network with
current parameters and transform it on the basis of generalised content preparation into a
binarised preparation, with further comparison on the basis of the normalised measure of
comparison with the reference PH network of a reference pattern having average parameters,
elements of which are binarised preparations. Unlike the known structures of artificial neu-
ral networks, where non-normalised (absolute) similarity criteria are used for comparison,
in the considered method of teaching a normalised criterion is used. A normalised measure
of comparison is suggested not only for separate calculations for each of the two levels, but
also for joint calculations for each level of PH networks. This improves the accuracy of the
recognition of results formation.
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