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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. 

 

I. 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]. 

 

II. 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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Figure1.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]: 

1) thenumberofinputvariablesinthefuzzy- 

productionrules; 

2) thenumberofmembershipfunctionsforinput

variables; 

3) thenumberofvaluesoftheoutputvariableinth

erules; 

4) analgorithmforfuzzyinferenceonrulesofthe

form(1). 

Figure2presentsanexampleofthestructureofafuzzyne

uralnetwork[19]. 
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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. 

 

 
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. 

 

III. 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. 

 

 
Figure4.Exampleofthestructureofwaterlinesataclust

erpumpingstation 

 

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 years. The values of the following 

inputvariableswereusedastheinitialdataforbuildinga

neuro-

fuzzymodelandformingfuzzyrulesforassessingthest

ateofconduits. 

a) fluid flow through each conduit in 0.5 

hours(m
3
): 

- Q0  -flowthroughtheconduitatthe 

moment; 

- Q1–

flowthroughtheconduitfortheprevious0.5hours; 

- Q2–

flowthroughtheconduitfortheprevioushour; 

b) pressure in the manifold of the block of 

combsandremoteblocksofcombs(MPa): 

- P0–currentreservoirpressure; 

- P1–reservoirpressureintheprevious 

0.5hours. 

Thepreparationofdatafortrainingafuzzyneural 

network required the calculation of the values 

ofrelative deviations of fluid flow in each 

conduitusingthe formula: 

 
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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Figure5.Exampleofconstructedmembershipfunctio

n 

 

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 a result 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. 

 

IV. 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.Itsusemadeitpossibletohalvetheave

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. 
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