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NETWORK TRAFFIC FORCASTING IN INFORMATION-
TELECOMMUNICATION SYSTEM OF PRYDNIPROVSK RAILWAYS
BASED ON NEURO-FUZZY NETWORK

Purpose. Continuous increase in network traffic in the information-telecommunication system (ITS) of
Prydniprovsk Railways leads to the need to determine the real-time network congestion and to control the data
flows. One of the possible solutions is a method of forecasting the volume of network traffic (inbound and out-
bound) using neural network technology that will prevent from server overload and improve the quality of services.
Methodology. Analysis of current network traffic in ITS of Prydniprovsk Railways and preparation of sets: learn-
ing, test and validation ones was conducted as well as creation of neuro-fuzzy network (hybrid system) in Matlab
program and organization of the following phases on the appropriate sets: learning, testing, forecast adequacy
analysis. Findings. For the fragment (Dnipropetrovsk — Kyiv) in ITS of Prydniprovsk Railways we made a forecast
(day ahead) for volume of network traffic based on the hybrid system created in Matlab program; MAPE values are
as follows: 6.9% for volume of inbound traffic; 7.7% for volume of outbound traffic. It was found that the average
learning error of the hybrid system decreases in case of increase in: the number of inputs (from 2 to 4); the number
of terms (from 2 to 5) of the input variable; learning sample power (from 20 to 100). A significant impact on the
average learning error of the hybrid system is caused by the number of terms of its input variable. It was determined
that the lowest value of the average learning error is provided by 4-input hybrid system, it ensures more accurate
learning of the neuro-fuzzy network by the hybrid method. Originality. The work resulted in the dependences for
the average hybrid system error of the network traffic volume forecasting for the fragment (Dnipropetrovsk-Kyiv) in
ITS Prydniprovsk Railways on: the number of its inputs, the number of input variable terms, the learning sample
power for different learning methods. Practical value. Forecasting of network traffic volume in ITS of
Prydniprovsk Railways will allow for real-time identification of the network congestion and control of data flows.

Keywords: forecasting; network traffic; volume; neuro-fuzzy network; hybrid system; term; membership func-
tion; set; adequacy; error

Introduction {¥(),y(,)....,»(,)} at successive time points

To make a forecast of the network traffic pa- tl’tz""tn , then the forecasting problem lies in fore-
rameters there are used various methods and tech-  casting the value y (z,,,) at a future time point
niques that are widely spread in the analysis of
time series of economic indicators [9-10]. In gen-
eral, if the set n of discrete values

n+l
t,.;- The forecast usually has an error, but this er-

ror depends on the used forecasting system. High
efficiency of the forecast is achieved with the use
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of neural networks [1, 11-13]. The forecasting
problem can be solved based on the following neu-
ral networks: multilayer perceptron (MLP), radial
basis function (RBF), generalized regression neural
network (GRNN), Volterra networks, Elman net-
works and ANFIS-system, the overview of which
is done in [7]. Fuzzy Neural Networks (hybrid sys-
tems) are designed to combine the advantages of
neural networks and fuzzy inference. They allow
you to develop and apply the models in the form of
the rules of fuzzy production systems, for the
building of which the neural network capabilities
are used [5]. In particular, the adaptive network of
fuzzy inference (Adaptive-Network-Based Fuzzy
Inference System, ANFIS), which is implemented
in the Fuzzy Logic Toolbox application of Matlab
program [4]. The main stages of neuro-fuzzy net-
work operation include: formation of the rule base
of fuzzy inference system; phasing of input vari-
ables; aggregation; activation; accumulation; de-
fuzzification of output variables, the functioning
algorithm of such a system is provided in [6]. Spe-
cifically, [2] proposed a hybrid forecasting system
(24 hours ahead) for the suburban passenger flow
and [3] formed a hybrid model for forecasting the
wagon loading volume for two previous days.

Purpose

To develop the method for forecasting the vol-
ume of network traffic (incoming and outgoing)
through the use of neuro-fuzzy network (hybrid
system) for the considered fragment (Dnipropet-
rovsk-Kyiv) in ITS of Prydniprovsk railway.

Problem statement

Continuous increase in network traffic volume
in ITS of Prydniprovsk Railways requires its fore-

casting to prevent network congestion and improve
service quality. One of the possible solutions can
be the network traffic volume forecasting method
that would avoid such an overload (including that
of the server). The study used the real traffic data
of the most important fragment (Dnipropetrovsk —
Kyiv) in ITS of Prydniprovsk Railways for the pe-
riod 21.03-26.03.2016. The analysis of inbound
and outbound traffic in the direction of finding
long-term dependency (hours, days) was con-
ducted. For illustrative purposes we built the charts
of network traffic volume for the analyzed ITS
fragment. As an example, Figure 1 shows out-
bound traffic for fragment length of 24-hour time
series on different days of the week.

Figure 1 shows the trend of behaviour of the
network traffic volume for the week: it is about the
same on Monday, Tuesday, Thursday and Friday;
there are regular changes in a given period. So, in
particular, the traffic volume is lower and more or
less stable from 00:00 to 7:00, significant and un-
stable traffic from 8:00 to 17:00, and again the
lower and relatively unchanged traffic from 18:00
to 23:00. On Wednesday the volume of network
traffic is the highest, and on weekends the traffic
volume is much lower than on weekdays. The fig-
ure shows that the volume of outbound traffic on
Wednesday as compared to Monday, Tuesday,
Thursday and Friday is about 1.3 times higher. To
make a (day ahead) forecast of the network traffic
volume we selected the interval from 8:00 to
17:00, where it has significant variations, but for
weekdays (Monday, Tuesday, Thursday, Friday)
when the nature of traffic is approximately the
same. Thus it was decided to make a (day ahead)
forecast of the traffic volume x(¢) based on the data
of the previous three days: x(¢-1), x(¢-2), x(¢-3).
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Traffic volume, 108 bursts

22:00 |
23:00

Fig. 1. Volume of outbound traffic in ITS (Dnipropetrovsk — Kyiv)
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Methodology

1 — Preparation of sets. To make a forecast it is
necessary to prepare the following sets: learning,
test, validation ones. The prepared set will affect
the efficiency of learning and testing processes, as
well as the ability of the network to solve the prob-
lems it faces during operation. To prepare the set
we made a special array of 100 examples close to
reality. To form the learning set the first 50 values
of the created array were used while the other 50
values were used for the test set. To form a control
set we used the real data of the fourth day, which is
not considered.

2 — Creation of neuro-fuzzy network in Matlab.
The task of forecasting the traffic (inbound, out-
bound) at the section Dnipropetrovsk-Kyiv is re-
duced to the problem of time series forecasting,
usually for such problems there is selected Sugeno
type system. For the purposes of linguistic assess-
ment each input variable has two terms (maximum
and minimum value), the membership function is
chosen as Gaussian (gaussmf), for assessing the

. Pt poris
FIS Variaties Wgmbershin fanctios piots

nipul virabe - 11"

resulting variable the set membership function is of
linear type. In the knowledge-base editor the set
fuzzy inference rules are as follows:
if x(t-1)=min and x(t-2)=min and x(t-3)=min,
then x(t)=1;
if x(t-1)=min and x(t-2)=min and x(t-3)=max,
then x(t)=2;
if x(t-1)=min and x(t-2)=max and x(t-3)=min,
then x(t)=3;
if x(t-1)=min and x(t-2)=max and x(t-3)=max,
then x(t)=4;
if x(t-1)=max and x(t-2)=min and x(t-3)=min,
then x(t)=5;
if x(t-1)=max and x(t-2)=min and x(t-3)=max,
then x(t)=6;
if x(t-1)=max and x(t-2)=max and x(t-3)=min,
then x(t)=7;
if x(t-1)=max and x(t-2)=max and x(t-3)=max,
then x(t)=8.
The structure of the designed fuzzy inference
system is shown in Fig. 3.
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Fig. 2. Membership function of the first input variable before and after system learning
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Fig. 3. Structure of the designed hybrid system
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As shown in Fig. 3, the system has 5 layers.
The first layer (input) — has three nodes (x(#3),
x(t=2), x(+-1)), where the input data are conveyed.
The first layer performs dividing phasing of each
variable, defining for each j-th rule of inference

of the membership coefficient according to the ap-
plicable phasing function. The second layer (in-
putmf) consists of 3-2=6nodes, because each
input variable corresponds to 2 terms, performs
aggregation of individual variables x;, determining

the resulting value of the membership coefficient
for vector x (the activation level of inference
rule); this layer is nonparametric. The third layer
(rule) is TSK function generator; this is a paramet-
ric layer which involves adaptation of the linear
weight determining the function of TSK model
inference. The fourth layer (outputmf) consists of
membership functions for each fuzzy inference
rule (number of nodes of this layer corresponds to
the number of rules 2° = 8); this layer is nonpara-
metric. The fifth layer (output) is normalizing, it
has a single node, which corresponds to the output
of the system; this layer is nonparametric.

3 — Learning of fuzzy neural network. When
learning the hybrid method (hybrid) was selected
as the method of optimization (optim. method),
which combines the least-square method and the
reduced reverse gradient method; the number of
iterations of learning (epochs) is 40. As an exam-
ple, the diagram of membership function of the
first input variable before and after system learning
is shown in Fig. 2.

4 — Testing of hybrid system. The hybrid system
testing is conducted on the test set. Testing results
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as compared to the system learning results are
shown in Fig. 4.

5 — Analysis of hybrid system adequacy. To as-
sess the quality and accuracy of the forecast of the
created hybrid system we calculated MAPE (Mean
Absolute Percentage Error) by the formula:

MAPE = Z L0240 100%

Z(1)

(1

where Z(t) —real data at time point #; Z,(¢)— pre-

dicted data at time point ¢#; N — number of hours.

Forecasting of the network traffic volume was
conducted from 8:00 to 17:00 (total hours N = 10).
MAPE values are: 6.9% for the forecast of inbound
traffic volume, 7.7% for the forecast of outbound
traffic volume. As an example the actual and pre-
dicted volume of outbound traffic in ITS of Dnie-
per Railways (Dnipropetrovsk-Kyiv) is shown in
Fig. 5.
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Fig. 4. Results of learning and testing
of neuro-fuzzy network
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Fig. 5. Actual and predicted volumes of outbound traffic
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Findings

1 — The study of dependence of the average
error of the hybrid system learning on the num-
ber of its inputs. The study involved the average
error of the created hybrid system learning with
different number of inputs: 2, 3, 4. In all the ex-
periments, the length of the learning set was 50
examples, the number of epochs — 40, system
learning was conducted by hybrid method. The
obtained data resulted in the built diagrams of
the dependence of the average error of the hy-
brid system learning on the number of its inputs
for inbound (outbound) traffic in ITS of
Prydniprovsk Railways for the considered frag-
ment Dnipropetrovsk-Kyiv and are presented in
Fig. 6.

The figure shows that lowest value of the av-
erage error of the hybrid system learning is:
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0.27-107-10° = 2.7-10” bursts for inbound traffic;
for outbound traffic is provided by 4-input hy-
brid system at the learning set consisted of 50
examples.

2 — The study of dependence of the average
error of the hybrid system learning on the num-
ber of terms of its input variable. The study was
conducted on the created hybrid system, which
has three input variables; in all the experiments
the length of learning set consisted of 50 exam-
ples. Let us analyse the value of the average er-
ror of the hybrid system learning based on the
number of terms of its input variable: 2, 3, 5.

The obtained values resulted in the built dia-
grams of the dependence of the average error of
the hybrid system learning on the number of
terms of its input variable by different learning
methods that are presented in Fig. 7.
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Fig. 6. Dependence of average error of the hybrid system learning
on the number of its inputs
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Fig. 7. Dependence of average error of the hybrid system learning
on the number of terms of its input variable
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The figure shows that when the number of
terms increases (from 2 to 5), the average error of
the hybrid system learning decreases: from
0.69-10° to 0.45-10°-10°=4.5 bursts by the hybrid
learning method; from 1.36:10° to 0.83-10° bursts
by the back-propagation method. Thus, learning of
the 3-input hybrid system (5 terms for each input
variable) is more accurate by the hybrid method
than by the back-propagation method.

3. The study of dependence of the average error
of the hybrid system learning on the learning set
power. For the study we took the learning set of
different lengths: 20, 50, 100. The study was con-
ducted on the hybrid system with three input vari-
ables; the learning cycle was 100 epochs. The ob-
tained values resulted in the built diagrams of the
dependence of the average error of the hybrid sys-
tem learning on the learning set power according to
the learning algorithms that are presented in Fig. 8.

The figure shows that when the learning set
power increases (20 to 100 examples) onto 3-input
hybrid system, its average learning error decreases:
from 0.72:10° to 0.41-10° bursts by the hybrid
learning method; from 2.28:10° to 1.07-10° bursts
by the back-propagation method. Thus, learning of
the hybrid system is more accurate by the hybrid
method at learning set power of 100 examples.

Originality and practical value

The originality of the work includes the ob-
tained dependences for the average hybrid system
error of the network traffic volume forecasting for

g
L

the fragment (Dnipropetrovsk-Kyiv) in ITS of
Prydniprovsk Railways on: the number of its in-
puts, the number of input variable terms, the learn-
ing set power for different learning methods. The
practical value is that forecasting of network traffic
volume in ITS of Prydniprovsk Railways will al-
low for real-time identification of the network
congestion and control of data flows.

Conclusions

1. The work presents the conducted analysis of
the volume of network traffic (inbound and out-
bound) in ITS of Prydniprovsk Railways (Dni-
propetrovsk-Kyiv) based on the real data. For fore-
casting (day ahead) the volume of network traffic
the interval from 8:00 to 17:00 o’clock was se-
lected, where there are significant variations, but at
that time of the week (Monday, Tuesday, Thurs-
day, Friday) when the nature of traffic is approxi-
mately the same.

2. There were prepared the learning, test and
validation sets based on actual data for the period
21.03.-26.03.2016. Forecast of the network traffic
volume in ITS of Prydniprovsk Railways (Dni-
propetrovsk-Kyiv) is made using a neuro-fuzzy
network (hybrid system), which was designed in
Matlab program. The hybrid system input is sup-
plied with the network traffic volume for the past
three days; forecasting of the network traffic vol-
ume was conducted from 8:00 to 17:00 (total hours
N = 10); MAPE values are: 6.9% for inbound traf-
fic; 7.7% for outbound traffic.
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Fig. 8. Dependence of average error of the hybrid system learning on the learning set power
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3. The experimental study was conducted over
the dependence of the average error of the hybrid
system learning on: the number of its inputs (first
study), the number of input variable terms (second
study), the learning set power (third study) by dif-
ferent learning methods: hybrid, back-propagation.
Significant impact on the average error of the hy-
brid system learning has the number of input vari-
able terms. In ITS of Prydniprovsk Railways (Dni-
propetrovsk-Kyiv):

— The first study showed that the most accurate
volume forecast of the inbound traffic (learning
error 2.7-10%) and outbound traffic (learning error
19-10%) is achieved with 4-input hybrid system at
the length of the learning set of 50 examples;

— The results of the second study showed that
increase in the number of terms (from 2 to 5) of its
input variable leads to decrease in the average
learning error: from 0.69-10° to 4.5 bursts by the
hybrid method; from 1.36:10° to 0.83-10° bursts by
back-propagation method. Thus, learning of the 3-
input hybrid system that has 5 terms for each input
variable, is more accurate by the hybrid method;

— The results of the third study showed that in-
crease in the learning set power (from 20 to 100
examples) onto 3-input hybrid system leads to de-
crease in the average learning error: from 0.72-10°
to 0.41-10° bursts by the hybrid method; from
2.28:10°to 1.07-10° bursts by the back-propagation
method. Thus, the learning is more accurate by the
hybrid method at the learning set power of 100
examples.
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IMPOTHO3YBAHHS OBCSIT'Y MEPEKEBOI'O TPA®DIKA

B IHOOPMAIIMHO-TEJEKOMYHIKAIINHIN CUCTEMI
MPHUIHIITPOBCHKOI 3AJII3HULII HA OCHOBI
HEHPOHEUYITKOI MEPEXI

Merta. [ocriiine 30inbieHHs 00csary MepexHoro tpadika B iHhopmaliitno-TenekomyHikamiiHii cucremi (ITC)
[TpuaHITPOBCHKOI 3aMi3HMII TPU3BOANUTE 10 HEOOXiTHOCTI BH3HAYECHHS B PEAJbHOMY 4aci MepeBaHTaKEHHS B Me-
pexi Ta 3AiiiCHEHHS KOHTPOIIO MOTOKIB JaHWX. OTHNUM 13 MOXKJIIMBHX PIIIEHb € METOJ MPOTHO3YBaHHS 00CATY Me-
pexHoro tpadika (BXiIHOTO Ta BUXIJHOTO) 3 BUKOPUCTAHHIM HEWPOMEPENKHOT TEXHOJIOTI], 1110 JO3BOJIUTh YHUKHYTH
NepeBaHTAXKEHHS cepBepa Ta MiJBUILUTH SKICTh nociayr. Meroauka. B poOoTi BUKOHaHI aHali3 iCHyIOHUOTO Me-
pexnoro tpadika B ITC [IpuaHinpoBChKOi 3aIi3HHUII Ta MiATOTOBKA BHOIPOK: HABYAILHOI, TECTOBOT, KOHTPOJIBHOT,
a TAaKOX CTBOpPEHHs B Iporpami Matlab HefiponeuiTkoi Mepexi (riOpuaHOI cucTeMM) Ta OpraHizallist Ha BiIOBiA-
HHUX BUOIpKax TaKuX €TaIliB: HABYAaHHS, TECTyBaHHs, aHAJI3 a/leKBaTHOCTI nMporHo3y. Pesyabrarn. {ns ¢pparmenta
(Huinponerpoecbk — KuiB) B ITC IpuaninpoBceKoi 3ami3HuL 31iHCHEeHHH TPOrHO3 (Ha 100y Brepen) odcsry me-
peskHOTO Tpadika Ha OCHOBI TiOpUAHOI CHCTEMH, IO cTBOpeHa B nporpami Matlab; 3nauennss MAPE cknanae: 6,9 %
Juis obcsry BximHoro tpadika; 7,7 % mia obcary BuxigHoro tpadika. BusBieHo, mo cepenHs moxuOka HaBYaHHS
riOpUIHOI CHCTEeMH 3MEHIIYETHCS TPU 30UTBIICHHI: KUTBKOCTI BXOHiB (Bix 2 10 4); KimbKoCTi TepMiB (Bix 2 mo 5)
BX1/THO1 3MiHHO1; MOTY>XHOCTI HaBuanbHOi BUOipkH (Bix 20 mo 100). 3HauHNMIT BIITUB HA CEPEIHIO MOXUOKY HABUYAHHS
riOpUAHOT CUCTeMH Ma€ KUTbKICTh TepMiB ii BXiHOT 3MiHHOi. Bu3HaueHoO, 1110 HaliMeHIlle 3HaYe€HHS CePeaHbOI Mo~
XUOKM HaBYaHHS HaJa€ YOTHPHU-BXiTHA TiOpUIHA cUcTeMa, OUTBIN TOYHO 3MIHCHIOETHCS HAaBUAHHS HEHPOHEUITKOT
Mepexi 3a riopugaum MerogoM. HaykoBa HoBu3Ha. OTpUMaHi 3aJIE)KHOCTI CEPEAHBOI MOXUOKHM HaBUYaHHS Ti0pu-
HOi CHCTEMH NPOTHO3YyBaHHs 00csry MepexxHoro tpadika ¢pparmenra ([JuinponerpoBcbk—Kuis) B ITC IlpunHin-
POBCBHKOI 3aJIi3HHMIII BiJ: KUTBKOCTI 11 BXOMIB, KUTBKOCTI TEPMIB BXiJIHOT 3MIHHOT, TOTY>KHOCTI HaBYaJIbHOI BUOIpKH 32
pisHuMEu MeTonamu HaB4yaHHA. [IpakTHuHa 3HaYMMicTh. [Iporao3yBanHns oocary mepexsoro tpadika B ITC Ilpu-
JIHITTPOBCHKOT 3aJIi3HMILI O3BOJIUTH B PEAUIFHOMY 4Yaci BU3HAYMTH MEPEBAHTAKEHHS B MEPEXi Ta 3MIMCHUTH KOHT-
OB TMIOTOKIB JaHUX.

Kniouosi crnoea: mporHo3yBaHHS; MepeXHUN Tpadik; 00csr; HEHpoHeUiTKa Mepexa; TiOpuIHa cucTeMa; TepMm;
(hyHKILIS TpUHANEKHOCTI; BUOIpKa; aleKBaTHICTh; TOXUOKa
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JKEJIE3HOJOPOKHOIO TPAHCIIOpTa UMEHU akajaeMuka B. Jlasapsna, yi. Jlasapsna, 2, luunpo, Ykpauna, 49010,
tei. +38 (056) 373 15 89, am. moura viknik.p1988@mail.ru, ORCID 0000-0001-8346-0405

IMPOTHO3UPOBAHUE OFBbEMA CETEBOI'O TPA®UKA

B HH®OPMAIIMOHHO-TEJIEKOMMYHUKAIIMOHHOMN CUCTEME
IMPUIHEITPOBCKOM JJOPOI'I HA OCHOBE

HEUPOHEUYETKOM CETH

Heas. [TocrosHHOE yBenuueHUue odbeMa ceTeBoro Tpaduka B HHOOPMAIMOHHO-TEIEKOMMYHHUKALIOHHOM CHC-
teme (UTC) IIpunaenpoBcKoii xene3Ho!H TOpOord MPUBOAUT K HEOOXOJUMOCTH OIpEeNiCHHS B PeaJbHOM BPEMEHU
HEePerpy3kd B CETU U OCYLIECTBICHUS KOHTPOJIS IOTOKOB NaHHBIX. OJHUM M3 BO3MOXKHBIX PEIICHHH SABISETCS Me-
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TOJ TIPOTHO3UPOBAHUS 00BheMa CETeBOr0 Tpadrka (BXOJTHOTO U BBIXOJHOI0) C MCIIOJIb30BAHHEM HEMPOCETEBON TEX-
HOJIOTMH, YTO MO3BOJIUT U30€KaTh MePEerpy3KH cepBepa U MOBBICUTH KayecTBO yciuyr. Meroauka. B padore npose-
JIeHbI aHaNu3 cylecTByomiero cereBoro tpaduka B UTC IIpuaHenpoBckoii )xene3Hol JOpory U MoAroToBKa BbI0O-
POK: yueOHOH, TeCTOBOW, KOHTPOJIBHOM, a TaKkKe co3lanue B nporpamme Matlab HeiipoHeueTkoit cet (ruGpuaHon
CHCTEMBI) M OpraHU3alysi HA COOTBETCTBYIOLIMX BBIOOPKAX CIIENYIOLIMX 3TAloB: 00y4YeHUE, TECTUPOBAHUE, aHATU3
aJlekBaTHOCTH TporHo3a. Pesyabrartsl. s dparmenra (AuenponerpoBck—Kues) B UTC IIpuanenpoBckoi xe-
JIE3HOM IOPOTM OCYILIECTBIICH NMPOTHO3 (Ha CYTKH BIlepea) o0bema ceTeBoro Tpaduka Ha OCHOBE I'MOPHUIHOM CHCTe-
MBI, CO3/IaHHOH B porpamme Matlab; 3nauenne MAPE cocrasnsiet: 6,9 % mis o6bema Bxogsmero tpaduka; 7,7 %
Juisl 00beMa BEIXozsmIero Tpaduka. BeisiBieHo, yTo cpenHsis omunOka 00yueHHs: THOPHIHOIM CHCTEMBI YMEHBIIIAeTC s
MIPH YBEIWYCHUH: KOJIMIECTBA BXOJOB (OT 2 10 4); KOIMYECTBa TePMOB (0T 2 10 5) BXOIHOU IepeMEHHOM; MOIITHO-
cti oOyuaromiei Beroopku (ot 20 1o 100), OonpIioe BIMSHIE HA CPEIHIO OMIMOKY 00y4eHUS THOPUIHON CHCTEMBI
OKa3bIBACT YHCIIO TEPMOB €€ BXOJHOW mepeMeHHoi. OmpeneneHo, YTo0 HauMeHbIlee 3HaUYeHHE OMMUOKH 00yJeHUs
naet 4-BxoaHas THOpHUIHAS cHcTeMa, 00jlee TOYHO OCYIIECTBIISICTCS 00yUeHNEe HeHPOHEUETKON CeTH 10 THOPHIHO-
My merony. Hayuynas HoBu3Ha. [loydeHsl 3aBUCHIMOCTH CpeqHEH OMMOKH 0OydeHMs] THOPHIHONW CHCTEMBI Mpo-
THO3UpOBaHust o0beMa ceTeBoro tpaduka pparmenra (Juenponerposck — Kues) B UTC TIpuaHEnpoBCKOH 1OPOTH
OT: KOJIMUECTBA BXOJIOB, KOJIMUECTBA TEPMOB BXOJIHOH IIEPEMEHHON, MOITHOCTH 00y4Yarolieil BBIOOPKH IPH pa3iny-
HBIX MeTonax oO0yueHus. [IpakTnyeckas 3HaunMocTh. [IporHosupoBanue odbema cereBoro tpaduka B UTC IIpu-
JTHETIPOBCKOM JTOPOTH MO3BOJIUT B PEAJHHOM BPEMEHH OIPENEIIUTh MEPEeTpy3KH B CETH M OCYILECTBUTH KOHTPOJIb
MIOTOKOB JTaHHBIX.

Kniouegvie cnosa: nporHo3upoBanme; ceTeBol Tpaduk; 00beM; HepoHeUeTKas CeTh; THOPHUIHASL CUCTEMA; TEPM;
(hyHKIMS PUHAUISKHOCTH; BBIOOPKA; aJJeKBaTHOCTb; OLINOKa
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