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ABSTRACT— This article considers the task of
objectsstateassessinginconditionsofuncertaintybyco
nsidering the supply chain strategy. To solve it,
theneedtousefuzzy-production knowledge
basesandfuzzy inference algorithms as part of fuzzy
decisionsupportsystemsisbeingupdated. Asatoolforc
onstructing a knowledge base, a neural-fuzzy
modelis proposed. The proposed type of fuzzy-
productionrules and the logic inference algorithm
on rules forobjects state assessing are described. A
structure of afuzzy neural network, consisting of
Six layers, each
ofwhichimplementsthecorrespondingstageofthelogi
cinferencealgorithm,isproposed.Asaresultoftraining
a fuzzy neural network, a system of fuzzy-
productionrulesisformed,whichmakeuptheknowled
ge base of the decision support system forobjects
state assessing. On the basis of the proposedneuro-
fuzzymodel,asoftwarepackagehasbeenimplemented
for automating the processes of formingfuzzy-
production rules. The main components of
thesoftware package are the knowledge base
generationmoduleandthefuzzyinferencemodule.Asa
napprobation of the neuro-fuzzy model, the
formationof fuzzy rules for assessing the state of
water lines
attheclusterpumpingstationsinreservoirpressuremai
ntenancesystemshasbeencarriedout. Thetestingresult
sconfirmedthehighefficiency oftheneural-fuzzy
model and the possibility of its
practicalusefortheformationoffuzzy-
productionrulesinvarioussubjectareasofhumanactivi
ty.

Keywords—neuro-
fuzzymodel,supplychainstrategy,

fuzzy-

productionrule,knowledgebase,objectstateassessme
nt,decisionsupport.

l. INTRODUCTION

Currently,invarioussubjectareasofhumanac
tivity, the task of of objects state assessing oftenhas
to be  solved under  conditions of
uncertainty,whichischaracterizedbyincompleteness(
lackofapart) of initial data, physical uncertainty
(presenceof noise and outliers), and linguistic
uncertainty(subjectiveexpertassessments). Toreduce
andhandlephysicaluncertainty,themethodsofelimina
tingdataoutliers[1,2]andnoisefiltering[3,4]aretraditi
onallyused.Forprocessingthelinguistic  uncertainty
and taking into account
theincompletenessofthesourcedata,respectively,fuzz
ylogicmethods[5-
7]andfuzzylogicinferencealgorithms  [8-12] are
used. Therefore, to make
theobjectsstateassessingunderuncertainty,itisimport
ant to use fuzzy expert systems [10, 11, 13-
26].Theseartificialintelligencesystemsarewidelyuse
d in many subject areas [27-29] and often playthe
role of intelligent decision support systems [14,23-
25].
The main  problem for the effective
implementationofanintelligentdecisionsupportsyste
mistheformationofadequateknowledgebasesintheco
nditions of uncertainty. In most existing
decisionsupport systems, the experts have to be
involved insolving particular problems related, for
example,
tospecifyingtheparametersofthemembershipfunctio
ns, determining their form, optimal
numberoffuzzygradationsfortheinputlinguisticvaria
bles.Thesubjectivenatureofexpertassessments  can
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lead to an incomplete adequacy
ofthefuzzyknowledge base and,asa result,affectthe
accuracy of the estimates obtained about theobject
state and the final decisions made by theperson. In
order to get away from subjectivity, it isnecessary
to form fuzzy knowledge bases based
ontheintellectualanalysisoftheavailabledatacomplet
elyautomatically(withoutanexpert'sparticipation).T
hisactualizestheneedforthedevelopment and
practical use of effective tools
fordataanalysisandtheformationofknowledgebaseso
f intelligent decision support systems [15-18, 30-
32]. As such a tool, a specially developed neural-
fuzzy model for automating the formation of
fuzzyrulesforobjectsstateassessingisproposed[19].

1. METHODS
Todescribetheobjectbeingmodelledunderuncertaint
Y, the following basic requirements

forthetypeoffuzzy-
productionrulesshallbeconsidered in
supplychainstrategy:

1) ability to handle clear and fuzzy values of
inputvariables;

2) to take into account the features of the

inputconditionsintermsoftheirweightintheanteceden
t rules, as well as take into account
thereliabilityofeachofthefuzzyrules.

The following kind of fuzzy rules satisfies
theserequirements[19]:
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Fortheobjectstateassessing,analgorithmoflogical
inference on rules of the form (1) has
beendeveloped. Let us consider the terms and
notationusedinthisalgorithm.
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3. Cel0,1]-
assessmentoftheaccuracyofproposedsolution:
C=R*T*CF.
(4)
whereCFe|0,1}-rulevailidity,
Formulas(2)<4 Jareusedintheinferencealgorithm on
fuzzy rules of the form (1) for theobject state
assessing. let us consider the steps
ofthisalgorithm.

1. Inputoft Xi valuesforallinputvariablesx;in

JAEM
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Figurel.Operationschemeofthelogicalinferencealg
orithmfortheobjectstateassessing

The logical inference algorithm on fuzzy

rules ofthe form (1) is one-pass and allows
selecting at theoutput a single rule, the sequential
value of whichcorrespondstotheobjectstate.
For the formation of fuzzy-production rules of
theform(1),aneuro-fuzzymodelwasdevelopedbased
on the training of a fuzzy neural network.
Itsstructureisuniquelydefinedbythefollowingparame
ters[19]:

herules. 1) thenumberofinputvariablesinthefuzzy-
. productionrules;

bl > the: > ~ade . . . .
2 Forcachuis thedeg cpofmircedentirpansoncn) 2) thenumberofmembershipfunctionsforinput
culatedbytheformula(2). . .

variables;
3. Groupingofalltherulesinwhichthedegreeofantece 3) thenumberofvaluesoftheoutputvariableinth
denttriggeringisnon-zerointoaconflictset. erules;
4. Foralltherulesfromtheconflictset,thecalculation 4) analgorithmforfuzzyinferenceonrulesofthe
of  the antecedent value by the form(1).

Figure2presentsanexampleofthestructureofafuzzyne
uralnetwork[19].

formula(3),aswellasacomprehensiveassessmentofth
e
reliabilityofformeddecisionbytheformula(4).

5. Conflictresolution-
thechoiceofruleswiththemaximumassessmentof
rehiability.

6. GettingthevalueB *oftheoutputvariabley,ofthesel
ectedruleasthedesiredobjectstate.

Operationoftheinferencealgorithmonfuzzyrulesissch
ematicallypresentedinFigurel .
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Figure2.Exampleofthestructureofafuzzyneuralnetw

ork

The figure shows that the model of a fuzzy
neuralnetwork has 6 layers. The first layer contains
theinputneurons. Theirnumbercorrespondstothenum
ber of input variables in the fuzzy-
productionrules. Theneurons of
thesecondnetworklayeromodeltheinputconditionsof
fuzzyantecedentsintherules. Theiroutputsarethecorre
spondingvaluesofthemembershipfunctions.Neurons
ofthenext layer of a fuzzy neural network model
theantecedentsoffuzzyrules.Attheoutputoftheseneur
ons, the degrees of antecedent triggering
arecalculated. The fourth layer calculates the
productof estimates of the rules R and the weights
of
theirantecedentsT. Thefifthlayercontainsthevalues
ofthe output neuron of the network. The last layer
ofa fuzzy neural network consists of a single
neuronthat corresponds to the output variable in the
fuzzyrulesandformstheoutputvalue-
aparticularobjectstate.

The described model of a fuzzy neural network
isimplementedinasoftwarepackagefortheformation
of fuzzy-production rules for the
objectsstateassessing. Theprogramcomplexwas
developed with the aim of constructing a neuro-
fuzzymodelandautomatingthestagesoftheformation
offuzzyrules.Letusconsideritsstructureandfeaturesof
itscomponents.

The implemented software package includes
twobasicmodules:aknowledgebasegenerationmodul
e,designedtoautomatetheprocessesofgeneratingfuzz

yrules,andafuzzyinferencemodule, used for the
objects state assessing basedon the fuzzy rules that
have been generated. Let
usconsiderthestructureofthesoftwarepackagepresent
edinFigure3.

Blesac compaseres of 2 decision suppart system

-
™ Rnowkdge base | Fuzyinderence
o L [k = L
hare generainon module . madile
- ez base
atalvins Imerfe e inferface
1 i
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ks ' of s i g b
Amlyt | Usr

— —
Figure3.Structureofthedevelopedsoftwarepackage

Theknowledgebasegenerationmodule,asthemainco
mponentofthesoftwarepackage,isresponsible for the
following steps in the
operationoftheintelligentSPPPR:

- formationandpreparationofdatasamplefora
nalysis;

- buildingamodelofafuzzyneuralnetwork;

- assessment of the adequacy of formed
knowledgebase.
Theanalystlaunchestheknowledgebasegenerationm
odule,loadsthedataforanalysis,trainsthefuzzyneural
network,teststheconstructedneuro-
fuzzymodel,evaluatestheresults obtained. In
addition, the analyst performsthe visualization of
the generated fuzzy-productionrules, evaluates the
obtained membership
functionsfortheinputlinguisticvariables.

The fuzzy inference module is an intermediate
linkbetweenthedecisionmakerandtheknowledgebas
eofanintelligentsystem.Basedonthelogic  inference
algorithm implemented in it, this
moduleacceptsobjectdataasinput,comparesthedataw
ithantecedents of fuzzy rules and generates an
outputin the form of object state assessment. This is
howthesoftwareworks.

1. RESULTS AND DISCUSSION

As an approbation of the neuro-fuzzy
model andevaluation of the effectiveness of its
practical use,the formation of fuzzy rules for
assessing the stateof water lines at the cluster
pumping stations inreservoir pressure maintenance
systems has beencarried out [20-22]. Expertly,
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leakage of fluid fromwater lines is established on
the basis of data on itscosts for discharge of the
pumping station and oneach of the water lines.
Water lines can be
placedonblocksofcombsandonremoteblocksofcomb
s. In this case, the cluster pumping
stationconsistsofpumpingunitspumpingfluidintothe
oilreservoirthroughthedistributedconduitsystems.
Figure 4 shows the structure of water lines at
aclusterpumpingstation.

Group pumping station
Pump unit |

Manifold block combs

it
Pump unit 2 Blod\ combs

Exit of pumping
station

Conduits
Legend:
X gate valve

T flow meter

Figure4.Exampleofthestructureofwaterlinesataclust
erpumpingstation

Uit

The figure shows an example of the layout

of
tenconduitsataclusterpumpingstationwithtwopumpi
ngunits. Theconduitsarelocatedontheblocks of

combs. At the same time, it is installed aflow meter
to account for fluid flow at the entranceof each
conduit. The readings of this device
areautomatically taken every 0.5 hours and stored
intheappropriatedatabase. Analysisoftheaccumulate
ddatausingafuzzyneuralnetworkallowedformingaba
seoffuzzyrulesforevaluating one of two possible
states of a particularconduit: "norm" or "accident".
“norm”
correspondstothenormalstateofthewaterlines(witho
utleakage),and“accident”correspondstotheemergen
cystate(leakageatthewaterline).
Fortheformationoffuzzyrulesforassessingemergenc
ysituationsinconduits,adevelopedfuzzy neural
network was used, which processedstatistical
information on the conduits of one of
thereservoirpressuremaintenanceshopscollectedove
r 2 vyears. The values of the following
inputvariableswereusedastheinitialdataforbuildinga
neuro-
fuzzymodelandformingfuzzyrulesforassessingthest
ateofconduits.

a) fluid flow through each conduit in 0.5
hours(m?®):

- Qo0 -flowthroughtheconduitatthe

moment;

- Q_—]_,
flowthroughtheconduitfortheprevious0.5hours;

- QZ,
flowthroughtheconduitfortheprevioushour;

b) pressure in the manifold of the block of
combsandremoteblocksofcombs(MPa):

- Po—currentreservoirpressure;

- P1-reservoirpressureintheprevious
0.5hours.
Thepreparationofdatafortrainingafuzzyneural
network required the calculation of the values
ofrelative deviations of fluid flow in each
conduitusingthe formula:

e=2 %100

0

whereQe {0,,0;}.

In addition, the absolute pressure changes in
thereservoirarecalculated:

AP:PI_P()‘

Tramning data samples for the formation of
fuzzyrules for assessing the state of water lines
includedthevaluesofthefollowingvariables:

&
deviationoffluidflowthroughtheconduitfor(). Shours;

&

deviationoffluidflowthroughtheconduitfor | hour;

AP pressurechangeinthereservoir.

The target was the variable D (the state of
conduit),which takes one of two possible values:
"norm"
or"accident".Thevaluesofthesevariableswerereprese
ntedbythegroupsofinputandoutputvariables for each
conduit of the cluster
pumpingstation.Thetotalnumberofclusterpumpingst
ations was 28, and the number of water lines -303.
Eachinputvariablehasthreefuzzygradationscorrespo
ndingtothecategories“small”,“medium”,and“large”.
Figure5showsanexampleoftheconstructedmembers
hipfunctions.
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It can be seen from the figure that the

deviation
offluidflowisnotlessthan15%for0.5hoursandnot less
than 30% for an hour that is significant
forassessing the state of water lines. The
emergencystate of the conduit also corresponds to
the
changeinpressureinthereservoirfrom15to17MPa.
Itshouldbenotedthatinthegeneralcase, thespecificval
uesoftheparametersofsimilarmembership functions
differ for different
conduits. Itdependsonthedesignpressureinthecollect
orofthe block of combs and at discharge of the
clusterpumpingstation,installedhalf-
hourvolumesoffluidinjection,numberofwellsintheco
nduit,heightoftheconduitrelativetothepumpingstatio
n, as well as the injected agent into the
well(wastewater, fresh,sulfur).
As aresult of training of the neuro-fuzzy models,28
systems of fuzzy-production rules were formedon
the obtained data. The average number of rulesin
each system was 12. The total number of rulesfor
determining the status of water pipelines was342.

IvV. SUMMARY
Thedevelopedneuro-
fuzzymodelwassuccessfullytested in the intelligent
decision support system forassessing the state of
water lines. During operation,the system showed a
100% level of detection offluid leaks in the
conduits of the cluster
pumpingstations.ltsusemadeitpossibletohalvetheave

rage response time for technical personnel
toleakagefromwatermains(from24to12hours).
As a result of the introduction of the
developedsystem into operation, the efficiency of
detectingemergenciesattheconduitshasincreased.

V. CONCLUSIONS

Thus,thetestingresultshaveshownthehighef
ficiencyoftheneural-fuzzymodelandthepossibility of
practical use of the software for theformation of
fuzzy rules in various subject areas.The formed
fuzzy rules are a model for the
objectsstateassessingtogetherwithafuzzyinferenceal
gorithm.Thismodelisrelevanttouseinpracticalproble
mscharacterizedbyheterogeneity,incompleteness,
and the fuzzy nature of initial
datadescribingtheobjectassessed.

ACKNOWLEDGEMENTS

The work is performed according to the
RussianGovernment Program of Competitive
Growth
ofKazanFederalUniversity. Thisworkwassupported
by the Russian Federation Ministry
ofEducationandScience,projectNe8.6141.2017/8.9.

REFERENCES

[1]]  M.Porter. TheCompetitiveAdvantageofGuo
J., Zhang X.-Y. Jang W. An
improvedwindpowerforecastingmodelbasedo
neliminating outliers // Wind Engineering.—
2016.—N0.40(1).—P.50-58.

[2] Lv W, Gu L. Huang X., Jiang H. A
newmethodofeliminatingoutliersindataproce
ssingoftrackedvehiclevibrationsignal//Applie
dMechanicsandMaterials.—2012.—N0.229-
231.-P.317-320.

[3] Li W., Huyan J., Tighe S.L., Shao N.-N.,
SunZ.-Y. An innovative Primary Surface
Profile-basedthree-
dimensionalpavementdistressdata  filtering
approach for optical
instrumentsandtiltedpavementmodel-
relatednoisereduction//RoadMaterialsandPav
ementDesign.—2019.-N0.20(1).— P.132-150.

[4] LiM. LiuX.Theleastsquaresbasediterativealg
orithmsforparameterestimationofabilinearsys
temwithautoregressivenoiseusingthedatafilte
ringtechnique//SignalProcessing.—2018.—
No.147.— P.23-34.

[5] Ismagilovl.l.,NugaevF.S.,KatasevA.S., Talip
ovN.G. KatasevaD.V.Decision-making
support system for tasks
distributioninpersonaldataoperatorsregisterm
aintainingbasedonafuzzy-
productionmodel//Dilemascontemporaneos-

DOI: 10.35629/5252-040716071614 Impact Factor value 7.429 | 1SO 9001: 2008 Certified Journal Page 1612



&

—

International Journal of Advances in Engineering and Management (IJAEM)

Volume 4, Issue 7 July 2022, pp: 1607-1614 www.ijaem.net

IJAEM

(6]

(7]

(8]

(9]

(10]

(11]

(12]

(13]

(14]

[15]

educacionpoliticayvalores.—2019-
Speciallssue,Vol.6.-P1-17.

Hilletofth P., Sequeira M., Adlemo A.
Threenovelfuzzylogicconceptsappliedtoresh
oring decision-making I Expert
Systemswith Applications. — 2019. — No.
126. - P.133-143.

Ismagilov 1L.l., Molotov L.A., Gilmullin
T.M.,Anikinl.V. KatasevA.S.SecurityRiskA
ssessmentMethodUsingFuzzyLogic//Helix.—
2018.-V0l.8(6).—p.4674-4682.
Anikinl.V.,Zinovievl.P.Fuzzycontrolbasedo
nnewtypeofTakagi-
Sugenofuzzyinferencesystem//InternationalS
iberianConference on  Control  and
Communications,SIBCON2015-
Proceedings,7146977.
MahmoumGonbadiA.,KatebiY.,DoniaviA.A
generic  two-stage  fuzzy  inference
systemfordynamicprioritizationofcustomers//
Expert Systems with Applications. —2019. —
No0.131.-P.240-253.

KatasevA.S. KatasevaD.V.Expertdiagnostics
ystemofwaterpipesgustsinreservoirpressurem
aintenanceprocesses//Proceedingsof2ndinter
nationalConferenceonlndustrialEngineering,
ApplicationsandManufacturing,ICIEAM201
6-Proceedings,7911651.
HassanN.,SayedO.R.,KhalilA.M.,GhanyM.
A. Fuzzy Soft Expert System in Predictionof
Coronary Artery Disease I
InternationalJournalofFuzzySystems.—
2017.—No0.19(5).—P.1546-1559.

Katasev AS., Kataseva D.V.,
EmaletdinovalL.Yu. Neuro-fuzzy model of
complex

objectsapproximationwithdiscreteoutput//Pro
ceedings of 2nd International Conferenceon
Industrial Engineering, Applications
andManufacturing, ICIEAM 2016 -
Proceedings,7911653.

Nourian R., Mousavi S.M., Raissi S. A
fuzzyexpertsystemformitigationofrisksandeff
ectivecontrolofgaspressurereductionstations
with a real application // Journal ofLoss
Prevention in the Process Industries. —
2019.-P.77-90.
AlvesC.M.O.,CotaM.P.Visualizationondecis
ion support systems models:
Literatureoverview // Advances in Intelligent
Systemsand Computing. — 2018. — No. 745.
—P. 732-740.
Owadallyl.,ZhouF.,OtunbaR.,LinJ.,WrightD
.Anagent-basedsystemwithtemporal data
mining for monitoring
financialstabilityoninsurancemarkets//Expert

[16]

[17]

[18]

[19]

[20]

[21]

[22]

(23]

[24]

[25]

SystemswithApplications.—2019.-N0.123.—
P.270-282.
NamestnikovA.M.,FilippovA.A.,Avvakumo
va V.S. An ontology-based
modeloftechnicaldocumentationfuzzystructu
ring//CEURWorkshopProceedings.—2016.—
No0.1687.—P.63-74.
RauchJ.Expertdeductionrulesindatamining
with association rules: a case study
/IKnowledgeandInformationSystems.—
2019.-N0.59(1).—P.167-195.
LiuX.,WangH.,GaoC.Adaptivefuzzyfunnel
control for a class of  strict
feedbacknonlinearsystems//Neurocomputing
—2017.—N0.241.—P.71-80.

Ismagilov LI, Molotov L.A., Katasev
A.S. EmaletdinovaL.Y.,KatasevaD.V.Fuzzy
Neural Network Model for Rules
GeneratingoftheObjectsStateDeterminingin
Uncertainty // Helix. — 2018. — Vol. 8(6). —
p.4662-4667.

Konnov,V.A. Fattakhov,R.B.,Abramov,M.A
Applicationofpositivedisplacementplunger-
typepumpsinreservoirpressuremaintenancesy
stems//NeftyanoeKhozyaystvo - Oil
Industry. — 2019. — P. 62-65.
Rasooli,M.,&Abedini,M.(2017).TheRelation
ship between Organizational Supportand Job
Satisfaction of Experts and
ManagersoflslamicAzadUniversityofQeshm
andSubsidiaries(InternationalUnits,Medical,
Sama,HormuzandKhamir).DutchJournalofFi
nanceandManagement,1(2),42.https://doi.org
/10.29333/djfm/5818

Abreu, R., David, F., & Segura, L. (2016).
E-banking  services: Why fraud is
important?.Journal of Information Systems
Engineering&Management,1(2),111-
121.https://doi.org/10.20897/lectit0.201617
Beiki,V.,&VahidiElizaie,E.(2016).Investigat
ion on the effect of the variability
ofriskandfundingoninnovationonfirms.UCTJ
ournalofManagementandAccountingStudies,
4(1),7-16.

Hassan, M. N., Abdullah, A. H., Ismail,
N.,Suhud, S. N. A., & Hamzah, M. H.
(2019).MathematicsCurriculumFrameworkf
orEarlyChildhoodEducationBasedonScience
, Technology,EngineeringandMathematics(S
TEM). International Electronic Journal
ofMathematicsEducation,14(1),15-
31.https://doi.org/10.12973/iejme/3960
Salah, W. A., Albreem, M. A., Alsayid,
B.,Zneid, B. A., Alkhasawneh, M., Al-
Mofleh,A.,...&Al-
Aish,A.A.(2019).Electricvehicletechnologyi

DOI: 10.35629/5252-040716071614 Impact Factor value 7.429 | 1SO 9001: 2008 Certified Journal Page 1613



\’ﬂk ) International Journal of Advances in Engineering and Management (IJAEM)

N Volume 4, Issue 7 July 2022, pp: 1607-1614 www.ijaem.net
IJAEM

mpactsonenergy.InternationalJournalofPowe
rElectronicsandDriveSystems,10(1),1.

[26] Ahmadi Kamarposhti M, Geraeli F. Effect
ofWindPenetrationandTransmissionLineDev
elopmentinordertoReliabilityandEconomic
Cost on the Transmission
SystemConnectedtoTheWindPowerPlant.Me
dbiotechJournal.2019;03(02):35-40.

[27] AmanlouM,MostafaviSM.Insillicoscreeningt
oaimcomputationalefficientinhibitorsofcaspa
se-9byligand-based
pharmacophoremodeling.MedbiotechJournal
.2017;01(01):34-41.

[28] HakiminyaB,ParnianL.ExaminingtheRelatio
nbetweenL ifeStyleandGeneralMentalHealth.
JournalofHumanitieslnsights.2018;02(02):60

-6.
[29] HeidariM,GhasemiS,HeidariR.TheEffectsof
Leadership and Employment in

TechnicalCapabilitiesofSportTeams.Journal
ofHumanitiesInsights.2019;03(02):75-80.
[30] MehrabifarA,MansouriA,GholamiK,GhaeliP
,JavadiM.InvestigationofMedication  Errors
in a Teaching
PsychiatricHospitalusingChartReviews.Med

biotechJournal.2017;01(02):60-4.

[31] RahidehM,MazloumSZ.CombinationSystem
OptimizationofSolarCollector/Photovoltaicw
ithGeneticAlgorithms.MedbiotechJournal.20
19;03(02):58-64.

[32] RasouliR,MohammadaliA,Houshmandan H.
Three-Dimensional Analysis of
PermanentCoveringBehaviorofGelevardDa
minjectionGalleryandOptimalDesignofTunn
elCoverage.Medbiotech
Journal.2019;03(02):47-57.

DOI: 10.35629/5252-040716071614 Impact Factor value 7.429 | 1SO 9001: 2008 Certified Journal Page 1614



