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Abstract. Operational reliability assessment for overhead bridge cranes remains fragmented
across structural reliability analysis, non-destructive inspection, condition monitoring, and remaining
useful life prediction. Existing studies usually treat these directions separately: accident reliability is
evaluated through fault-tree, Markov, and fuzzy Bayesian models; girder failure is assessed
probabilistically under uncertain design parameters; structural integrity is examined through finite-
element analysis and non-destructive testing; and fatigue or bearing degradation is predicted through
damage accumulation and stochastic prognostic models. This paper proposes a unified mathematical
framework for evaluating operational reliability indicators of overhead bridge cranes by combining
three information streams: normalized defect severity, inspection evidence quality, and predicted
remaining useful life. The framework defines component-level and system-level reliability indicators,
introduces a confidence-adjusted defect severity index, applies Bayesian updating for new inspection
cycles, and links degradation state to time-dependent hazard and reliability functions. The proposed
indicators are designed to support maintenance prioritization, inspection scheduling, and continued-
operation decisions for critical crane subsystems, such as girders, end carriages, hoisting mechanisms,
wire ropes, brakes, wheels, and gearboxes. Although the study is methodological rather than
experimental, it is structured for direct implementation using routine inspection sheets, non-
destructive testing results, sensor-based monitoring data, and maintenance histories. The main
contribution is an integrated decision-support formulation that preserves the mechanical meaning of
defects while providing a probabilistic interpretation of operational reliability.

Annomayus. OLeHKa 3KCIUTyaTallMOHHOM HAJEKHOCTH MOCTOBBIX KPAaHOB /10 HACTOSIIETO
BPEMEHHU OCTaeTCAd pPa300IEHHOW MEXIy pacueTaMH KOHCTPYKIIMOHHOW  HAJEKHOCTH,
HEpa3pyLIAIONIMM KOHTPOJIEM, MOHUTOPUHIOM TEXHUYECKOIO COCTOSIHUS M MPOTHO3UPOBAHUEM
OCTaTOYHOIO pecypca. B CylIecTBYIOIMX HMCCICAOBAHUSAX OTH HANpaBICHUS, KakK IPaBUIIO,
paccMaTpUBAIOTCS OTACIBHO: aBAPUITHBIE COOBITHS aHAIM3UPYIOTCSI C TPUMEHEHUEM JIepeBa OTKA30B,
MapKOBCKHMX LleMed U HeYeTKUX O0alleCOBCKUX CceTel; BEepOSITHOCTh OTKa3a IVIaBHBIX Oallok
OLICHUBAETCS C YUYETOM HEOIPEAECIECHHOCTH HArPy30K U TEOMETPUUYECKUX NTAPAMETPOB; TEXHUYECKOE
COCTOSIHUE METAJUIOKOHCTPYKLMKA UCCIENAYETCS C IIOMOLIBI0O KOHEYHO-3JIEMEHTHOTO MOJEITUPOBAHUS
¥ METOJIOB HEPA3PYIIAKOIIEr0 KOHTPOJISI; @ OCTATOUHBIA PECYPC OTAEIBHBIX Y3JIOB MPOTHO3UPYETCSA
Ha OCHOBE HAKOIUJICHUS MOBPEXKACHUM M CTOXaCTUYECKUX MOZENEH Aerpananuu. B manHo# cratbe
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IIPEIUIOKEHA €QUHas MaTeMaTHYecKas OCHOBa I OLCHKM ITOKa3aTeled HKCIUIyaTallMOHHOU
HAQ/IeKHOCTH MOCTOBBIX KpPAaHOB IIyTéeM OOBEIMHEHHS TpeX HWH(POPMALMOHHBIX IOTOKOB:
HOPMHMPOBAHHOW TSDKECTH Je(EKTOB, KauecTBa HHCIEKLIMOHHBIX JAaHHBIX W MPOTHO3HPYEMOTO
0CTaTOYHOTO pecypca. B pabore omperneneHsl Mmokasarenyu HaJAEKHOCTH Ha YPOBHE KOMIIOHEHTA U
CHCTEMBI, BBEIEH MHJEKC TXKECTU Je(PeKTa ¢ y4eTOM JOCTOBEPHOCTU KOHTPOJIS, MCIIOJIb30BAHO
OaifecoBckoe OOHOBJICHME MPU IOCTYIUIEHMM HOBBIX pE3y/lbTaToB OOCIENOBaHUS, a TaKxkKe
YCTaHOBJICHA CBSI3b MEXAY COCTOSHHEM Jerpafanud, (pyHKIMeH HMHTEHCHUBHOCTH OTKa30B W
¢bynkumeit Hage:xxHocTd. IlpeanoXeHHbId MOAXOA MpenHa3Ha4deH Ui MOJACP)KKH PEIIeHUH 110
IIPUOPUTETHOCTH PEMOHTA, IUIAHUPOBAHUIO MHCIEKIMW M JOMYCKy KpaHa K JaJbHEWIIen
SKCIUTyaTaluu. MeTonka MOXKeT ObITh peaji30BaHa Ha OCHOBE CTaHIAPTHBIX aKTOB 0OCIIEI0BaHMU,
pe3yJIBTaTOB HEpa3pyILIAIOIIEro KOHTPOJIS, JAaHHBIX MOHMTOPHUHIA W MCTOPUM TEXHUYECKOIO
00CITy)KHBaHHSI.

Keywords: overhead bridge crane, operational reliability, defect severity, inspection data,
remaining useful life, Bayesian updating, structural health assessment, maintenance decision support.

Knrouesvie cnosa: MoCTOBOU KpaH, S3KCITyaTalMOHHAas HaIACKHOCTb, TIKCCTb Heq}eKTOB,
JaHHBIC KOHTPOJIA, OCTaTOYHBIN pecype, OaliecoBCKoOe O6HOBJ'I€HI/IC, OLCHKa TCXHHUYCCKOI'O
COCTOAHMA, TOAACPIKKA TPHUHATHUA pemeHHﬁ 10 TCXHUYCCKOMY O6CJIY)KI/IB3,HI/IIO.

Safe operation of in-service bridge cranes depends on the ability to detect fatigue-critical zones,
quantify defect growth, and estimate residual life before failure occurs[4].

Recent reliability work on overhead cranes has also shown that failure probability is not static;
it evolves with time, state transitions, and interacting failure modes [1].

The gap is not a lack of methods, but a lack of integration. Structural reliability studies quantify
failure probability under uncertainty, inspection-oriented studies localize critical damage zones using
finite-element and non-destructive approaches, and prognostic studies estimate remaining useful life
for specific crane subsystems, such as bridge members and hoist gearbox bearings [2-5].

In practice, maintenance engineers need one interpretable operational reliability indicator, not
four disconnected models. This paper proposes such an indicator. The central idea is that crane
reliability at time t should be evaluated as a function of observed defect severity, the evidential
strength of inspection data, and the predicted remaining useful life of each critical subsystem.
Overhead-crane reliability has been modeled with fault tree analysis integrated with fuzzy Bayesian
networks and Markov chains; one reported case found system reliability decreasing by 67.9% after
60 months under the modeled scenario [1].

That result is important because it shows that reliability evaluation must be dynamic rather than
purely deterministic. Probabilistic analysis of overhead-crane bridge girders has shown that
uncertainty in wheel loads and geometric parameters can strongly change failure probability, and that
in some cases a geometric scaling factor of 1.1 was needed to reduce the failure probability from
roughly 10°(-0.3) to about 10"(-4) when variability was modest [2].

This supports using uncertainty-aware reliability indicators rather than point estimates.
Inspection studies on crane metal structures have shown that combining finite-element modeling with
magnetic coercive non-destructive control can identify high-risk zones, such as bearing-box regions
and beam-connection areas, and can confirm crack-prone operating states associated with adverse
stress-strain behavior [3].

This suggests that inspection data should not be treated as a simple pass-or-fail variable; instead,
it should modify the confidence and local severity assigned to structural components. For prognostics,

Tun auyenzuu CC: Attribution 4.0 International (CC BY 4.0) 85




Bronnemens nayxu u npaxkmuxu / Bulletin of Science and Practice T. 12. Ne10 2026
https://www.bulletennauki.ru https://doi.org/10.33619/2414-2948/131

the residual fatigue life of in-service bridge cranes has been estimated using stress-time histories,
rainflow counting, Forman crack-growth relations, and Miner damage accumulation [4].

For rotating crane equipment, the remaining useful life of quay crane hoist gearbox bearings
has been predicted under dynamic operating conditions using operating-mode classification, a Wiener
degradation process, ARIMA load prediction, and condition-activated particle filtering [5].

These studies justify treating RUL as a measurable prognostic input to reliability rather than as
a separate maintenance output.

Condition-index approaches also support integration. A data-driven asset health index for quay
cranes has been built from [oT sensors, PLC data, information systems, and traditional maintenance
records in order to compare conditions across assets and prioritize maintenance investment [6].

This is conceptually close to the indicator proposed here, but the present paper adds an explicit
probabilistic reliability interpretation. Finally, inspection quality matters because some defects are
hidden. Review work on crane steel wire ropes has shown that visual inspection alone can miss
internal damage, while electromagnetic, acoustic emission, ultrasonic, optical, thermal, and related
monitoring methods provide richer evidence for condition evaluation [7].

Specific rope-testing work has also reported that surface rupture may appear only after internal
wire disintegration, which is exactly the kind of delayed observability that should reduce confidence
in inspection-based condition estimates [8].

Problem formulation: Consider an overhead bridge crane decomposed into n critical
subsystems:

C=12..,n (1)

Typical members of C include the main girder, end carriage, trolley frame, hoisting rope, drum,
hook block, hoist gearbox, travel wheels, and brake-drive assembly.

For each component i at time t, we define three state variables: defect severity, S _i(t); inspection
evidence quality, Q i(t); remaining useful life, L _i(t).

The objective is to construct a component reliability indicator, R_i(t), and a system operational
reliability indicator, ORI(t), satisfying:

ORI(t) = ¥(Ry(),R;(E), ..., Ry (1)) (2)

where P(-) is a system aggregation operator consistent with the crane's structural and functional
dependencies. Defect severity model. Let each component have m_i observable defect attributes, such
as crack length, corrosion depth, permanent deflection, bearing vibration, rope broken-wire count, or
thermal anomaly. We then define severity as a weighted composite:

m; m;
Si(6) = zwij d;j(t), ZWU =1
=1 =1

The weights w_ij should reflect mechanical criticality. For example, crack growth near welded
girder junctions should generally carry higher weight than superficial coating loss, because crane
metal-structure studies identify localized high-stress connection zones as especially important for
integrity assessment [3]. To account for defect class, severity can be stratified into four ordered levels:

3)

Level 0:S; <64, Levell:6, <S5;<6,, Level2:0,<S5;,<86; Level3:S; >0,

These thresholds are engineering policy parameters and may be calibrated based on failure
history, standards, or expert elicitation. Inspection evidence model: Inspection observations do not
have uniform credibility. Visual inspection, ultrasonic testing, magnetic flux leakage, acoustic
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emission, and strain measurement do not provide the same detectability, especially for hidden rope or
welded-joint damage [7, 8].
Define inspection confidence as follows:

ri(t) 4)
Q;(t)=1- 1_[(1 — Qi)
k=1

where q ik €[0,1] is the confidence contribution of inspection event k for component i, and r i
(t) is the number of relevant inspections up to time t.

A single-event confidence value can be expressed as: A single-event confidence value can be
expressed as:

qik = aMik ﬁlik )/Aik (5)

where: @y, is the method reliability coefficient, f§;, is the inspector or system quality
coefficient, y,,, is the accessibility or coverage coefficient. This formulation makes poor evidence
visibly weak. A superficial visual inspection of an enclosed or rope-core-critical region should
produce lower q;;, than calibrated electromagnetic or magnetic-coercive inspection of a known high-
stress zone [3, 8].

The confidence-adjusted severity is then:

Si®) = QiSO + (1 = Q(O)SPT" (©) (©6)

Slp rior(t) is the prior severity estimate derived from historical behavior, design

where
vulnerability, or previous inspection cycles. Remaining useful life model. Let L;(t) denote the
predicted remaining useful life of component i in hours, cycles, or months. The source of L;(t)
depends on subsystem type. For structural members subject to fatigue, L;(t) may be derived from
stress-history simulation, rainflow counting, crack-growth laws, and cumulative damage rules, as
already demonstrated for bridge cranes [4].

For rotating or rolling elements, L;(t) may be estimated with stochastic degradation models
such as Wiener-process formulations combined with dynamic operating-condition prediction and
particle filtering, as shown for crane hoist gearbox bearings [5].

To integrate heterogeneous units, define normalized remaining life:

A;(t) =Li—(t) 0 < A;(t)
e’ l

L

(7

where Lgef is the nominal reference life for the component. To keep the indicator bounded,
transform it to:

A;(t) 3

Ui =1 m

so that U;(t) € [0,1) and larger values imply greater life reserve. Component reliability
indicator. A practical component-level indicator should decrease when severity rises, increase when
inspection confidence improves, and decrease when normalized remaining life falls. One convenient
formulation is the exponential hazard form:

() = hioexp (B:Si(0) = Ui (©) + Ez(0)) &
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where: h;q is baseline hazard, §; > 0 controls severity effect, n; > 0 controls life-reserve
effect, z;(t) captures operational stressors such as overload rate, duty class, shock events, or
environmental exposure. The component reliability over decision horizon 4 is:

t+A

(10)

R;(t,A) = exp (— h; (1) dr)

t

For routine implementation with discrete inspection periods:
k k
Ri( ) = exp(—hg )Ak) (11)

This gives a direct reliability interpretation, unlike a purely ordinal health score. If a simpler
algebraic indicator is preferred, define:

CRIL (D) = w, (1 _ Ei(t)) + 0,0i(0) + wsUi (D), w1+ wy+ w3 =1 (12)

where CRI;(t) € [0,1]. This index is easier to deploy, but it is less rigorous than the hazard-
based reliability model.

System operational reliability indicator. An overhead bridge crane is not a pure series system,
but many safety-critical subsystems behave approximately as one during operation. If failure of any
critical component causes mission loss, a conservative system model is:

= (13)
ORI(t, 4) = 1_[ R, (t, 4)%
i=1
where c¢; € [0,1] is the functional criticality coefficient.
Taking logarithms gives:
= (14)
INORI(t, 4) = Z ¢ InRy(t, 1)
i=1
which is useful for parameter estimation and sensitivity analysis.
For managerial interpretation, define a score on a 0 to 100 scale:
Score(t,4) = 100 X ORI(t, A) (15)

and classify: Grade A: Score > 90; Grade B: 75 < Score < 90; Grade C: 60 < Score < 75;
Grade D: Score < 60; These are policy thresholds, not physical laws. Bayesian update with new
inspection cycles. After a new inspection at time &, 1, the component severity state may be updated
recursively:

P(S; | Dy1) X p(Dysq | S)) p(S; | D) (16)

where Dy, 1s the new inspection dataset.
If the severity state is discretized into levels 0,1,2,3, then the posterior expected severity is:

17)

E[S; | Dy41] = s p(S; = s | Di41)

B

s=0
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This fits naturally with the dynamic reliability logic used in overhead crane fault-tree, Bayesian,
and Markov models [1]. Decision rules for maintenance and inspection: the proposed framework
supports three linked decisions. First, maintenance priority can be based on marginal reliability loss.

ORI (18)
OR;

MPI(t) = —

A component with large MPI;(t) and low R;(t) should be prioritized. Second, inspection
scheduling can be driven by low confidence and high consequence:

ISI;(8) = k15:(8) + 12 (1 = Qu(®) + 3 (1 — U, (D)) (19)

Higher ISI;(t) implies earlier reinspection. Third, continued-operation acceptance may be
based on:

ORI(t,A) = ORI, (20)

If this inequality is violated, the crane should be derated, repaired, or removed from service,
depending on the consequence class. The main contribution of this paper is unification. Existing crane
studies already provide the ingredients: dynamic reliability reasoning for overhead crane events,
probabilistic treatment of uncertain girder resistance and load effects, defect localization through
coupled numerical and non-destructive evaluation, and subsystem RUL estimation for both structural
and rotating elements [1-5].

What has been missing is a single operational indicator that preserves engineering meaning.
The second contribution is the explicit treatment of inspection quality. This matters because hidden
rope or joint defects may be poorly represented by visual inspections alone, while multi-source health
indexing becomes more robust when sensor, PLC, and maintenance records are fused rather than
treated separately [6, 8].

The limitation is equally clear. The present paper proposes a mathematically consistent
framework, but it does not calibrate coefficients such as B i, n_i, and c_i using a real fleet dataset.
Those parameters should be learned from failure history, expert judgment, accelerated testing, or
digital-twin simulation.

Conclusion

A practical operational reliability indicator for overhead bridge cranes should not be based on
defects alone, nor on inspection records alone, nor on remaining useful life alone; it should fuse all
three. This paper proposes a mathematical framework in which normalized defect severity, inspection
confidence, and remaining useful life are integrated into component hazards, component reliability
functions, and a system-level operational reliability indicator. The framework is consistent with
current crane literature on probabilistic reliability, structural integrity assessment, fatigue-life
prediction, subsystem prognostics, and data-driven crane health indexing. Its main value is decision
support: it can rank components for maintenance, trigger targeted inspections, and provide an
interpretable threshold for safe continued operation. A natural next step is empirical validation on a
fleet of overhead bridge cranes using historical inspection reports, sensor streams, non-destructive
testing results, and maintenance outcomes.
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  C = 1 , 2 , … , n


  O R I  ( t ) = 𝛹  (   R 1  ( t ) ,   R 2  ( t ) , … ,   R  n  ( t ) )


    S  i  ( t ) =   ∑  j = 1    m  i    w  i j   d  i j  ( t ) ,       ∑  j = 1    m  i    w  i j = 1


  Level 0 :   S  i <   𝜃 1 ,   Level 1 :   𝜃 1 ≤   S  i <   𝜃 2 ,   Level 2 :   𝜃 2 ≤   S  i <   𝜃 3 ,   Level 3 :   S  i ≥   𝜃 3


    Q  i  ( t ) = 1 −   ∏  k = 1    r  i  ( t )   ( 1 −   q  i k )


    q  i k =   𝛼    M  i k     𝛽    I  i k     𝛾    A  i k


    𝛼    M  i k


    𝛽    I  i k


    𝛾    A  i k


    q  i k


      S ∼  i  ( t ) =   Q  i  ( t )   S  i  ( t ) +  ( 1 −   Q  i  ( t ) )   S  i  p r i o r  ( t )


    S  i  p r i o r  ( t )


    L  i  ( t )


  i


    L  i  ( t )


    L  i  ( t )


    L  i  ( t )


    𝛬  i  ( t ) =     L  i  ( t )    L  i  r e f ,     0 ≤   𝛬  i  ( t )


    L  i  r e f


    U  i  ( t ) =     𝛬  i  ( t )  1 +   𝛬  i  ( t )


    U  i  ( t ) ∈ [ 0 , 1 )


   h  i  ( t ) =  h  i 0 exp  (   𝛽  i     S ∼  i  ( t ) −   𝜂  i   U  i  ( t ) +   𝜉  i   z  i  ( t ) )


   h  i 0


    𝛽  i > 0


    𝜂  i > 0


    z  i  ( t )


  𝛥


    R  i  ( t , 𝛥 ) = exp  ( −   ∫  t  t + 𝛥   h  i  ( 𝜏 )   d 𝜏 )


    R  i   ( k ) = exp  ( −  h  i   ( k )   𝛥  k )


  C R   I  i  ( t ) =   𝜔 1  ( 1 −     S ∼  i  ( t ) ) +   𝜔 2   Q  i  ( t ) +   𝜔 3   U  i  ( t ) ,       𝜔 1 +   𝜔 2 +   𝜔 3 = 1


  C R   I  i  ( t ) ∈ [ 0 , 1 ]


  O R I  ( t , 𝛥 ) =   ∏  i = 1  n    R  i    ( t , 𝛥 )    c  i


    c  i ∈ [ 0 , 1 ]


  ln O R I  ( t , 𝛥 ) =   ∑  i = 1  n    c  i ln   R  i  ( t , 𝛥 )


  S c o r e  ( t , 𝛥 ) = 100 × O R I  ( t , 𝛥 )


  S c o r e ≥ 90


  75 ≤ S c o r e < 90


  60 ≤ S c o r e < 75


  S c o r e < 60


    𝒕  𝒌 + 𝟏


  p  (   S  i ∣   𝒟  k + 1 ) ∝ p  (   𝒟  k + 1 ∣   S  i )   p  (   S  i ∣   𝒟  k )


    𝒟  k + 1


  0 , 1 , 2 , 3


  𝔼 [   S  i ∣   𝒟  k + 1 ] =   ∑  s = 0 3  s   p  (   S  i = s ∣   𝒟  k + 1 )


  M P   I  i  ( t ) = −   ∂ O R I  ∂   R  i


  M P   I  i  ( t )


    R  i  ( t )


  I S   I  i  ( t ) =   𝜅 1     S ∼  i  ( t ) +   𝜅 2  ( 1 −   Q  i  ( t ) ) +   𝜅 3  ( 1 −   U  i  ( t ) )


  I S   I  i  ( t )


  O R I  ( t , 𝛥 ) ≥ O R   I  m i n

