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Abstract. Currently, methods for recognizing objects in images work poorly and use methods that are intellectually
unsatisfactory. The existing identification systems and methods do not completely solve the problem of identification,
namely, identification in difficult conditions: interference, lighting, various changes on the face, etc. To solve
these problems, a local detector for the reprint model of the object in the image is developed and described. A
transforming autocoder (TA), a model of a neural network, has been developed for a local detector. This neural
network model is a subspecies of the general class of neural networks of reduced dimension. The local detector is
able, in addition to determining the modified object, to determine the original shape of the object as well. A special
feature of TA is the representation of image sections in a compact form and the evaluation of the parameters of the
affine transformation. The transforming autocoder is a heterogeneous network (HS) consisting of a set of networks
of smaller dimension, called a capsule. Artificial neural networks should use local capsules that perform some rather
complex internal calculations on their inputs, and then encapsulate the results of these calculations in a small vector
of highly informative outputs. Each capsule learns to recognize an implicitly defined visual object in a limited area of
viewing conditions and deformations, and it outputs both the probability that the object is present in its limited area,
and a set of «instance parameters» that can include the exact pose, lighting, and deformation of the visual object
relative to an implicitly defined canonical version of this object. The main advantage of capsules that output instance
parameters is a simple way to recognize entire objects by recognizing their parts. The capsule can learn to display
the pose of its visual object in a vector that is linearly related to the «natural» representations of the pose that are used
in computer graphics. There is a simple and highly selective test for whether visual objects represented by two active
capsules A and B have the correct spatial relationships for activating a higher-level capsule C. The transforming auto-
encoder solves the problem of identifying facial images in conditions of interference (noise), changes in illumination
and angle.
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Pesiome. 3agaya pacrno3HaBaHUs 0OBbEKTOB Ha M300paXeHUsaX ABMSieTCs akTyaslbHOM B HacTosLee Bpems, Mno-
CKOJIbKY CYLLIECTBYIOLLME CUCTEMbI M METO[bl HE peLlatoT MOJIHOCTbIO NPobaeMy MOEHTUDUKALUN B CIIOXHbBIX YC-
JIOBUSIX: MOMEXM, OCBELLEHNe, passinyHble N3MeHeHus Ha nuue 1 T.4. C uenbio peleHns 3Tol 3agadn paspado-
TaH 1 OMMcaH JIoKasibHbI AETEKTOP AJ1 MOAeNn pernpuHTa o6bekTa Ha n3obpaxeHuun. [ns nokanbHOro getekropa
paspaboTaH TpaHchopmmpyowmii astTokoaep (TA) — Moaenb HEMPOHHOM ceTu. laHHas Mofesb ABnsieTcs NoaBu-
[0M 00LEero knacca HEMPOHHbIX CeTelM CHUXEHUsI pa3aMepHOCTU. JlokanbHbI eTeKTop CcrnocobeH, NoMMMOo ornpe-
OeneHns NaMeHeHHOro o6bekTa, Takxke OnpeaennTb U n3HadanbHylo dopmMy o6bekta. OcobeHHoCTbio TA aBnseT-
cs NpeacTaB/ieHMe y4acTKOB N306paxeHns B KOMMakTHOM BMAE U NpoBeAeHne OLeHKM napameTpoB addrHHOMN
TpaHchopmaunu. TpaHchHOpPMUPYIOLLNKI aBTOKOAEP NpeacTaBnseT coboi reteporeHHyto cetb (IC), cocTosiLyo 13
MHOXECTBa CETEN MEHbLUEN PAa3MEPHOCTU, Ha3blBAEMbIX Kancynamm. VICKyCCTBEHHbIE HEMPOHHbLIE CETU A0JIKHbI
1CMOJSIb30BaTh JIOKASIbHbIE KanCy/bl, KOTOPbIE BbIMOHAIOT HEKOTOPbLIE AOBOJIbHO C/IOXKHbIE BHYTPEHHME BbIYNCNEHUS
Ha CBOMX BXOAaxX, a 3aTeM UHKaNCYMPYIOT pe3ysibTaTbl 9TUX BbIYMCIEHWI B HEOObLUOM BEKTOP BbICOKOMHMOPMA-
TUBHbIX BbIXOA0B. Kaxxaas karncyna y4mtcs pacrno3HaBaTb HESIBHO ONpeaesfieHHbIN BU3yasibHblli 00 bEKT B OrpaHnNYeH-
HOW 06nacTu ycnoBuiA npocMoTpa 1 aedopmaumii. OHa BbIBOOUT Kak BEPOSTHOCTb TOrO, YTO 0OBEKT NPUCYTCTBYET
B CBOEW OorpaHMyeHHon o6nacTtu, Tak n Habop «napaMeTpoB aK3eMMsipa», KOTOPble MOryT BKJllOYaTb TOYHYIO MO3Y,
ocBelleHne n gedopmaumio BU3yanbHOro o6bekta OTHOCUTESNIbHO HEeSIBHO OMpenesieHHON KaHOHMYECKOW Bepcumn
3Toro obbvekTa. MnaBHOE NMPEeMMYyLLIECTBO Karcysl, BbIBOASALLMX NapaMeTpbl 9K3eMnispa, 3akjoyaeTcs B NPOCTOM
crnocobe pacrno3HaBaHus Lesibix 00bekTOB NyTeM pacrno3HaBaHus nx YacTten. Kancyna MoxeT HayunTbCs BbiIBOAUTb
Nno3y CBOEro BM3yaslbHOro 06bekTa B BEKTOP, JIMHENHO CBA3aHHbIN C «€@CTECTBEHHbIMUW» NPeacTaBieHNnsaMN Nosbl,
KOTOpPblE NCMNONb3YTCA B KOMMNbIOTEPHOW rpaduke. CyLecTBYeT NPOCTON 1 BbICOKOCENEKTUBHBIN TECT HA TO, UMEe-
IOT NIV BU3yaJsibHble 00bEeKTbl, MPeacTaBeHHbIe OBYMS akTVUBHbBIMU Karncynamm, npaBuiibHble NPOCTPAHCTBEHHbIE OT-
HOLLEHWNS 1S aKTUBaUuMKM KancyJsbl 6051ee BbICOKOro YPOBHS. TpaHchopMupyoLLmMiA aBTOKOAEP peLLaeT npobiemy
naeHTudUKaLMmM NMLEBbLIX M300paXkeHuin B YCI0BUSAX MOMEX (LUYMHOCTU), U3BMEHEHUSI OCBELLLEHHOCTU 1 pakypca.
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MpospayHocTb pMHAHCOBOMN AeATEeNbHOCTU: ABTOP HE NMeeT GUHAHCOBOW 3aMHTEPECOBAHHOCTY B NMPeaCTaB/IeH-

HbIX MaTepuanax nin MmetTogax.

ABTOp 3aaBnsaeT 0o OTCYTCTBUN KOH(DJ'II/IKTa NHTEepeCOoB.

INTRODUCTION

Existing systems and methods for object
recognition in images do not completely solve
the problem of identification, specifically the
identification under complex conditions: interference,
illumination, changes in faces, changes in wide-angle
shooting, etc. Presently, employing sets of nonlinear

functions for activation of used neurons represents
a laborious and inaccurate process. This statement—
supported by a large number of publications [1-13]
devoted to this problem—says that the problem
is topical and is not solved yet. Corresponding
methods, algorithms, and systems either require high
computational power, or employing a programmed,
continuously operating memory device in “clever”
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cameras that leads to growth in expenses of the entire
system.

LOCAL DETECTOR

To solve the above problem of identification of
facial images (and not only those), a local detector (LD)
is developed for the model of the object reprint in the
image [14]. LD is an elementary unit of the model of the
object reprint (MOR) in the image. For the local detector,
a transforming autocoder (TA)—the model of a neural
network—has been developed. This model represents a
subtype of a general class of neural networks of reduced
dimension. Besides identification of a changed object,
LD is capable of determining initial shape of the object.
One of the features of TA is its ability represent parts of
the image in a compact form and evaluate the parameters
of affine transformation.

The transforming autocoder represents a
heterogeneous network (HN) that consists of a set of
lower dimensions—capsules.

Definition/Features of a capsule:

o All capsules of the transforming autocoder have the
same structure.

e Each capsule encapsulates the visualization of the
object’s image.

TA is a neural network with the ability to learn, for
which a “method of reverse propagation of the error”
is directly employed. Input values of the autocoder are
used for normalization. For the neural network under
consideration, the function has a simple form ¢ = f{x) = x.
When using a transforming autocoder, it is additionally
necessary to apply the restriction of “bottle neck” in one
of layers with lower number of neurons than that in the
input layer.

Thus, the neurons within such a type of the layer
represent a reprint of data. As distinguished from the
main components’ method, using a set of layers of a
transforming auto-coder and nonlinear functions of
activation of neurons is compact and accurate.

Here is an example. When a set of data (an image in
our case) is delivered to an input and is represented as a

set of small images having the size x € R*"28=784 " then
their reprint can be represented as a hidden layer having
the size of the order of 30, that is ¢ = f{x) = R*’. In each
capsule, there is one crucial neuron with values (0, 1),
that corresponds to the fact that the object is in the image.

Some systems of computer imaging make use of
histograms of oriented gradients as “visual words” and
simulate spatial distributions of those elements with
the help of a rough spatial pyramid. Such methods can
correctly recognize objects without correct knowledge
of their location—the ability that is used to diagnose
the human’s brain damage. Artificial neural networks
make use of schemes of weight distribution with manual

encoding to reduce the number of free parameters and
reach a local translational invariant by subsampling
the activation of local pools of translated replicas of
the same core. After several stages of subsampling in
a converging network, high-level objects have greater
uncertainty in their poses.

Artificial neural networks should employ local
capsules, which perform some rather complex internal
calculations at their inputs, and then encapsulate the
results of those calculations in a small vector of highly
informative outputs. Each capsule learns to recognize
implicitly the determined visual object within a limited
region of views and deformations. The capsule’s outputs
are the probabilities for the object to occupy its limited
region and a set of “parameters of a copy” that can
include accurate pose, illumination and deformation of a
visual object relatively implicitly determined canonical
version of this object. When a capsule operates as
needed, the probability of presence of a visual entity
represents a local invariant; it does not change when
the entity moves over the set of possible realizations
in encapsulated limited region. The parameters of the
copy are “equivariantly”: as viewing conditions and
motions of the object change over the external set, the
parameters of the copy change by the same value since
they represent internal coordinates of the object in the
external set [1].

One of major advantages of capsules delivering
explicit parameters of a copy consists in a simple way
of recognizing entire objects by recognizing their parts.
If a capsule can learn to deliver a pose of its virtual
object to a vector, that is linearly coupled with an used
in computer graphics “natural” representation of a pose,
there is a simple and highly selective test for checking
of whether visual objects (represented by two active
capsules A and B) have accurate spatial relationship for
activating a capsule of higher level C. Let us suppose
that output data of capsule A represented by matrix T,
that yields the transformation of coordinates between
a canonical visual entity and the actual copy of that
entity determined by capsule A. If T, is multiplied by
a functional of coordinates transformation “a part—to
a whole” T, ., which couples canonical visual entities
A and C, then a predicted matrix T can be obtained.
In a similar way, we can use Ty and Ty for obtaining
another prognosis. If these predictions agree well, then
the copies determined by capsules A and B are in correct
spatial relationship enabling to activate capsule C; the
average value of the prediction informs us of how the
greater visual entity—represented by C—transforms
relatively canonical visual entity C. For example, if A is
a mouth and B is a nose, then each of them can predict
the position of the face. If these predictions coincide,
then both the mouth and the nose must be in a correct
spatial relation to form a face. An interesting feature of

Russian Technological Journal. 2021;9(5):7-13



The structure of the local detector
of the reprint model of the object in the image

Alexander A. Kulikov

this approach for recognizing a form is that the relation
“a whole—to a part” is invariant and is represented by
weighting matrices, whereas the ensemble of parameters
of a copy of objects and their parts being observed at
the given moment is equivariant and is represented by
neural activities.

To obtain “a whole—to a part” hierarchy, the
capsules, which realize parts of the lowest level in this
hierarchy, must extract from intensities of pixels explicit
parameters of the pose.

After intensities of pixels have been transformed to
output data of the given set of active capsules of the first
level, each of them yields explicit representation of the
pose of its visual object, visual objects can be recognized
with the help of active capsules of lower level.

Let us consider a neural network of direct
communication shown in Fig. 1.

actual target
output 3. output
gate \ ™
[e]e]e]e) Q000
+Ax | +Ay +Ay +Ax |+Ay
pl (x y p x) Yy
[o]e]e] o]
2
input
image

Fig. 1. Three capsules of a transforming autocoder that
simulates translations

Each capsule in Fig. 1 has three recognizing
blocks and four generating blocks. The weights at
connections are learned through reverse propagation of
a discrepancy between actual and targeted outputs. The

network is determined, and as soon as it is learned it
can receive the image as input data and desired shifts
Ax and Ay and generate the shifted output. Each capsule
has its own logical “recognizing blocks,” which act
as a hidden layer for the calculation of outputs, which
are three numbers, x, y, and p. The capsule will send
these outputs to higher levels of the visual system (p is
the probability that the visual entity of the capsule is
presented in the input image). In its turn, the capsule has
its own generators; values x + Ax and y + Ay being input
data for these blocks (where x and y are input and output
data for one capsule). The capsules research generative
units with projected fields of strong localization (Fig. 2).
We describe the state for each of them by the following
activation functions:

H, =c(W,x+b,)e(0,1)"

c=W,.H, +b, €R?,

¢’=c+seR?,
p=0(W,,H,+b,)e(0,1), ()

H, =G(Wc’ ¢’ +b )e(O,l)Ng,

y= pWhyH e R84,

Note that if every capsule receives nine real inputs,
which are processed as a matrix with 3 x 3 dimension,
then TA can be learned to predict complete 2D affine
transformation (translation, rotation, scaling, and shift).
Transformation matrix T is applied to the output of
capsule A to obtain matrix T ,. Then the elements of T,
are used as input data for generation blocks when T, for
the prognosis of targeted output image.

A criterion of rarefaction is supposed to be used
as an auxiliary condition. Employing this criterion is
effective for TA. Note, that the condition of rarefaction

30 outputs of the module before and after the shift by +3 or -3 pixels

X

6 -4 -2 0 2 4 6y

IIIIIIIHII

51 7 I IZ T [ 72 VZ S
AV V. B 72 A Y

EEdARAEAE =
SENENSSSEES

Fig. 2. Shifts in values of xand y
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must impose restriction on neurons of a generating
and recognizing layer. Therefore, for employing
TA as a constituent of the model we should extend a
formulation for the transformation beyond the limits
of two-dimensional translation. For the rarefaction
condition, the information divergence of the facial
image identification model already developed by the
author is applied. The Kullback-Leibler divergence
formula is as follows:

S=Zj§1KL(s||§j)=

= ZL” slog;+(l—s)log
J=1 sj

= o

1-5;

J
is the average value of activation, and s is the rarefaction
parameter.

By setting the value of parameter s to be
proportionally small, we can limit the average activation
of a neuron. Having obtained independent signs, we can
also change the impact of this parameter on the operation
of the heterogeneous network.

For further optimization of the parameters, it is
necessary to employ a price function TA with weights D
and v, which can be written as follows:

~ 1
where L, is the number of neurons, §; = -~ z l”; 1 ( a§L") X )

=IOV +BY 7 S KL(slls) @)

where B is a meta-parameter, D and v are general
matrices of weights.

An additional parameter should be introduced into
the algorithm of the error backpropagation. The error
determined by the backpropagation method represents
an expression for some layer of neuron network /.

80 =

all §:1W§5>8§’+1))+B(-%+ 1) 7). @

sj 1-sj

where Zf is the argument of a function for activation of
the ith neurons in layer /.

This parameter represents the rarefaction criterion.
Values 8; depends on D and v as the average activation
of neuron ;.

As compared to the methods and algorithms
investigated in [1-3, 5, 6, 9—13, 15], TA (neural network)
has demonstrated the best result in identification of facial
images under different shooting conditions. Table 1
shows the results of identification at different angles of
shooting.

Table 1. The results of identification for different angles

Angle POSIT, % SVM, % Author’s (TA), %
(0°,15°) 82+4 85+2 99+4
(15°,30°) 80 +3 81+3 98+3
(30°, 45°) 79+4 80+4 97+3
(45°, 60°) 81+5 82+4 98+4

Table 2 shows the results of identification for
different levels of illumination.

Table 2. The results of identification for different levels of
illumination

Illumination, % | POSIT, % SVM, % | Author’s (TA), %
25 35+£2 15+2 88 £2
50 61=£5 47+2 98 +£2
75 70£2 684 98 + 1
100 99 +1 99 +1 99+ 1

Table 3 shows the results of identification under
different levels of interferences and noise in the image.
We define noise as loosing of the image sharpness with
magnification. As for interferences, these are different
interferences when producing the image as well as the
appearance of additional features in the facial image:
glasses, moustache, makeup, etc.

Table 3. The results of identification under different
interferences and noise in the image

Parameters POSIT, % SVM, % Author’s (TA), %
Noise 84 +2 92+2 97 +2
Interference 89+ 5 83+2 99 +1

The presented results demonstrate that TA employing
a local detector is less responsive to a change in the
position of a facial image, illumination, and interference
(noise).

CONCLUSIONS

The proposed method can be extended for
identification of three-dimensional objects and is
promising for analyzing a combination of local spatial
structures and hypothetical 3D model of the object. The
described LD (the element of the MOR model) solves
the problem of the stability of identification of facial
images under conditions of interference (noise), change
in illumination, and different angles.
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