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Methodological approach to calculating

the integral indicator of organizational

and technological reliability of repair and
restoration processes of apartment buildings

The housing stock is subject to moral and physical deterioration, which requires timely repair and restoration
work. The efficiency of such work directly affects the durability of structural elements, the performance charac-
teristics of buildings and the cost of their maintenance. In the context of limited resources and increasing de-
mands on the quality of repairs, there is a need to develop methods to objectively assess the reliability of re-
pair processes. One of the key approaches to such an assessment is the use of an integral organizational and
technological indicator of reliability, which takes into account a set of factors affecting the efficiency of the re-
pair work performed. This indicator allows you to quantitatively assess the impact of organizational, techno-
logical and economic factors on the reliability of the process, identify problem areas in the repair management
system and predict the time between repairs. This article presents a methodology for calculating the integral in-
dicator of the organizational and technological indicator of the reliability of repair processes, based on a compre-
hensive consideration of many factors and their significance. The development of this methodology will improve
the objectivity of assessing the reliability of repair processes, optimize the distribution of resources, and increase
the service life of buildings through rational planning of repair activities. The proposed approach can be used both
in the design of repair work and in their analysis and improvement during the operation of buildings.

The developed neural network model uses a multi-layer approach with an activation function in hidden layers
and a sigmoid in the output layer. Input data are normalized and processed using the backpropagation meth-
od, which allows for more accurate forecasting of inter-repair periods and assessment of the operational reliabil-
ity of a building.

Keywords: reliability of buildings, inter-repair period, indicator of organizational and technological reliability,
neural network model, repair and restoration process

he reliability of repair and restoration pro-
I cesses is determined by their ability to en-
sure the required level of operational char-
acteristics of the building during the period be-
tween repairs [1]. Reliability is influenced by or-
ganizational, technological and economic factors
that determine the quality of work, the durability of
structural elements and the efficiency of repair
management [2].

For a comprehensive assessment of reliability,
an integral indicator is introduced that combines
various aspects of repair work [3, 4] and allows tak-
ing into account their significance. Such an indica-
tor is formed on the basis of standardized values of
factors reflecting the key characteristics of the re-
pair and restoration process.

Traditional methods of calculating reliability are
based on statistical data, expert assessments and
standard indicators [5]. However, these methods
often do not take into account complex nonlinear
dependencies between parameters, which compli-
cates accurate forecasting between repairs [6].
In this regard, a promising direction is the use of
artificial neural networks, which allow analyzing
multidimensional dependencies and identifying hid-
den patterns [7].

To build a neural network model for calculating
the integral organizational and technological indica-
tor of the reliability of repair and restoration process-
es, a multi-layer neural network (MLP — Multi-Layer
Perceptron) is used [8]. Such a network allows ana-
lyzing the relationships between factors, taking into

account their significance and predicting the overall
reliability indicator (Fig. 1) [9].

1. Input factors (input layer neurons).

1.1. Organizational and technological factors (Q).

1.1.1. Q, — Quality of repair and construction
works.

1.1.2. Q, — Equal strength of materials of struc-
tural elements and engineering systems.

1.1.3. Q; — Level of improvement and land-
scaping.

1.1.4. Q, — Energy efficiency of the building.

1.1.5. Q; — Repairability of building elements
and systems.

1.1.6. Q; — Adaptability to modern design and
technological solutions.

1.1.7. Q, — Possibility of organizing a flow meth-
od for performing repair works.

1.1.8. Qg — Selection of rational organizational
forms of project management of restoration works.

1.1.9. Q, — Level of qualification of workers and
engineering and technical personnel.

1.2. Technical factors (T)).

1.2.1. T, — Level of technical equipment of con-
tracting organizations.

1.2.2. T, — Durability of structural elements.

1.2.3. T; — Reliability of suppliers of materials
and equipment.

1.2.4. T, — Technical control of the life cycle of
repair and restoration works.

1.2.5. Ty — Level of complexity of repair works.

1.2.6. T — Complexity of repair and restoration
works.
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Analyze the relationships between
factors and identify their influence

Input Layer

Hidden| Layer
Output Layer

Includes organizational, technological and
economic factors that influence the reliability
of repairs

Contains an integral indicator of the reliability of repair and
restoration processes R;,;, which varies in the range from 0 to 1

Fig. 1. Neural network model for calculating the integral organizational and technological indicator of reliability

1.2.7. T, — Coordination of actions by volume, place and time
between successively performed works.

1.2.8. Ty — Service life of the building and the number of years
since the last major repairs.

1.2.9. Ty — Level of mechanization and robotization of works.

1.210. T, — Level of influence of physical wear of elements on
the building as a whole.

1.3. Socio-economic factors (E).

1.3.1. E; — Planned cost of repair and restoration work.

1.3.2. £, — Share of physical depreciation in the total replace-
ment cost of the building.

1.3.2. E; — Inflation index /..

1.3.3. £, — Capital-labor ratio.

The input layer consists of 23 neurons (according to the number
of factors considered), the first hidden layer includes 10-14 neurons
(identification of local dependencies), the second hidden layer of
5-8 neurons (analysis of interactions) and the output final layer con-
sists of 1 neuron (final reliability indicator R;,,).

The activation function for hidden layers is calculated using for-
mula 1 and allows for nonlinear dependencies to be taken into ac-
count:

RelLU f(x) = max (0, x). (1)

The activation function for the output layer is calculated using
the sigmoid function according to formula 2 (R;,, must be in
the range [0.1]):

1

- l+e

fix) ol (2)

Each neuron in the hidden layers calculates an output value
using formula 3:

n
H = f ZV\/,-/-~Xj+b,- ; (3)
j=1

where f(x) — activation function;

W, — weight coefficient of connection;
X;— input values of factors;
b, — bias.
The final formula for calculating the integral indicator of the or-
ganizational and technological indicator within the framework of
the analysis under consideration is calculated using formula 4:

Rint :f[ZM/f'Rf+b]’ (4)
i=1

where W, — weight coefficients of factors;
R; — normalized input values of factors;
b — bias.

Fig. 2 shows a graphical model of a neural network for calculat-
ing the reliability of repair processes.

The developed neural network model for calculating the integral
organizational and technological indicator of the reliability of repair
and restoration processes allows for the effective analysis of com-
plex relationships between organizational, technical and economic
factors affecting the durability and efficiency of building operation
[10, 11].

The use of a multilayer neural network (MLP) makes it possible
to take into account various parameters, including the quality of
construction work, the technical condition of structural elements,
economic costs and the predicted reliability of repair processes.
The inclusion of hidden layers in the network architecture made it
possible to identify nonlinear dependencies that are difficult to use
traditional analysis methods [12].

The advantages of using this calculation method include in-
creased accuracy of forecasting the time between repairs, optimi-
zation of repair and maintenance costs by identifying critical fac-
tors, and the flexibility of the model allows for adapting various
situations to specific operating conditions and changing parame-
ters [13, 14].

The developed approach can be used to make informed deci-
sions on planning and implementing repair activities [15]. Further
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Fig. 2. Graphic model of a neural network for calculating the reliability of repair processes

development of the model is possible by including additional fac-
tors, expanding the data set, and using deep learning to more ac-
curately forecast the reliability of buildings [16, 17].

Thus, the neural network method for calculating the integral
reliability indicator is an effective tool for analysis and decision-
making, contributing to an increase in the service life of build-
ings, a reduction in operating costs and an increase in func-
tional reliability.
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MeToauyeckun noaxon K pac4yeTty
MHTEerpanbHOro nokasarens
OpraHM3aLMOHHO-TEXHOJIOrNYEeCKOW
HafeXXHOCTU PEMOHTHO-
BOCCTAHOBUTEJIbHbIX NPOLLECCOB
MHOIrOKBapTUPHbIX A OMOB

XXwunow coHA NoaBep>XeH MopanbHOMY U (hU3n4ecKoMy U3HOCY,
4TO TPebyeT NpOBeAEeHN CBOEBPEMEHHbIX PEMOHTHO-BOCCTAHO-
BUTENbHbIX Pa6oT. APDEKTUBHOCTL MPOBEAEHUSA Takux padoT
HanpsMyto BNSIET Ha [ONTOBEYHOCTb KOHCTPYKTUBHbIX SNEMEH-
TOB, 3KCMnyaTaLNOHHbIE XapakTepUCTUKM 3AaHNA 1 3aTpaTbl
Ha VX copepxaHue. B ycnosuax orpaHM4eHHOCTN pecypcoB 1 po-
cTa TpeboBaHUIN K KA4eCTBY PEMOHTA BO3HUKAET HEO6XOAUMOCTb
B pa3paboTke METOA0B, MO3BONAOLLMX O6bEKTVBHO OLEHUTb Haf-
€XHOCTb PEMOHTHO-BOCCTAHOBUTESbHLIX NPOLIECCOB.

OpOHUM M3 KNIOYEBbIX MOAXOA0B K TAKOW OLEHKE SBMSIETCA UC-
Nonb30BaHWe UHTErpanbHOro opraHn3aLuMoHHO-TEXHONornye-
CKOro nokasartensi Hafe>XXHOCTWN, KOTOPbIA YyYUTbIBAET COBOKYM-
HOCTb (PaKTOPOB, BANSAIOLLMX HA 3DMEKTUBHOCTb NPOBEAEHHbIX
PEMOHTHbIX paboT. [JaHHbIN NnokasaTenb No3BONSAET KONNYeCT-
BEHHO OLIEHUTb BMUSIHNE OPraHM3auMOHHbIX, TEXHOOrMYECKMX
N 3KOHOMMYECKMX PaKTOPOB Ha HaAeXHOCTb mpolecca, Bbl-
ABUTb NPOBNEMHbIE MecTa B CUCTEME YNPaBNEHNS PEMOHTOM
1 NPOrHO3NPOBaTb MEXPEMOHTHbIE CPOKM.

B pnaHHoM cTaTbe NpeacTaBneHa MeToavka pacyeTa UHTerpasb-
HOro Mokas3aTens opraHM3aLUMOHHO-TEXHONIOFMYECKOro MokKa-
3arens HageXHOCTU PEMOHTHO-BOCCTAHOBUTENbHbIX MpOLec-
COB, OCHOBaHHasl Ha KOMMJIEKCHOM y4eTe MHOXecTBa (hakTopoB
1 nx BecomocTu. PaspaboTka gaHHOW METOAMKM MO3BOMMUT MO-
BbICUTb 0OBLEKTUBHOCTb OLEHKN HAAEXHOCTU PEMOHTHbIX MPO-
LieCCOB, ONTMMMU3MPOBATb pacnpefesieHne pecypcoB, yBENNUYNTb
CPOK ciyX6bl 30aHuii 3a CYET paLMOoHaNIbHOrO MiaHNPOBaHUS
PEMOHTHbIX MEPOMNPUATUIA. [peanoXeHHbIV NOAX0[ MOXET 6bITb
MCNOJIb30BaH Kak Nnpy NPOEKTUPOBAHUN PEMOHTHBIX paboT, Tak
M MpY UX aHanu3e 1 COBEPLLUEHCTBOBAHMM B XOAE 3Kchsyara-
UMn 3gaHun.

Paspa6oTtaHHas HepoceTeBas MOAENb UCMONb3YeT MHOMOCII0M-
HbI NOAXOA, C PYHKLMEN aKTUBALMUN B CKPbITbIX CIIOAX U CUT-
MOuAy B BbIXOGHOM croe. BxofHble faHHble HOpManM3yoTcs
1 06pabatbiBalOTCS C MOMOLLbIO MeTOfa 06paTHOro pacnpocTpa-
HEHWS OLUMOKMW, YTO MO3BOMAET MOBLICUTbL TOYHOCTb MPOrHO3W-
POBaHUS MEXPEMOHTHbIX CPOKOB U OLIEHKM 3KCMyaTaLuoHHON
Hafe>XXHOCTN 30aHNS.

KnioyeBble cnioBa: HaeXHOCTb 34aHNM, MEXPEMOHTHBIV CPOK,
rokasartesib 0praHn3aLnoHHO-TEXHOIOMMHYECKON HaAexXHOCTH,
HevipoceTeBasi MoAesb, PEMOHTHO-BOCCTaHOBUTE IbHBIV MPOLecc
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