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ABSTRACT

Condition monitoring with machine-learning diagnostics is deployed on the premise that
predicting failure reduces cost. Whether it can depends on whether the failure process contains
predictable structure. We identify the preconditions for age-based and condition-based
maintenance and quantify what each is worth when they are met and when they are not. Failure
times were Weibull with scale 1000 hours and shape varied from 1 to 5. Long-run cost per hour
was computed analytically for age-based replacement and by simulating 40,000 renewal cycles
for condition-based replacement under a delay-time model, in which a defect arrives and the
asset fails after a further interval during which a diagnostic may detect it. Cost ratio, detection
probability, defect window and false alarm rate were swept. Age-based replacement saved 0 per
cent over run-to-failure at shape 1, where no finite optimal interval exists, rising to 40.7 per cent
at shape 2 and 72.0 per cent at shape 5. Condition-based replacement was almost independent
of shape, saving 71.0 to 71.2 per cent across the range, because it exploits the defect window
rather than wear-out. That window behaved as a gate: with no detectable defective stage the
policy returned -4.1 per cent, worse than run-to-failure once monitoring cost is included, while
a window of 2 per cent of mean life returned 74.0 per cent and further widening added nothing.
Detection probability moved the saving from -4.9 to 80.5 per cent, while raising the false alarm
rate to one per 1,000 hours cost only 5.3 points. At a 2:1 cost ratio no policy saved more than 22
per cent. The two policies exploit different properties of the failure process, and each has a
precondition that engineering effort cannot supply. Establishing which is present is cheap and
should precede any diagnostic investment.

Keywords: predictive maintenance; condition monitoring; reliability engineering; delay-time
model; cost-rate optimisation; industrial automation.

1. INTRODUCTION

Industrial condition monitoring programmes are typically justified by the accuracy of
their diagnostics. A model is shown to classify bearing faults, detect gearbox wear or forecast
remaining useful life, its accuracy is reported, and a business case follows from the assumption
that better prediction means lower cost [1-3,17,18].

The assumption is not always true, and the reason is a property of the asset rather than of
the model. Maintenance policies work by exploiting structure in the failure process. Age-based
replacement exploits wear-out: if the hazard rate rises with age, replacing before old age avoids
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failures. Condition monitoring exploits a different structure: if a detectable defect precedes
failure by some interval, the defect can be found and the replacement planned [15,16].

Where neither structure is present, neither policy helps. An asset whose failures arrive
as a Poisson process is as good as new at every moment until it fails; there is no age at which
replacement is advantageous, and there is no degradation signal to observe. This is textbook
reliability theory [4-6,22], and it is routinely overlooked when monitoring programmes are
specified, because the diagnostic accuracy question is more tractable and more interesting than
the question of whether there is anything to diagnose [25,26].

What is less often quantified is the magnitude of each effect and, in particular, how
sharply the value of condition monitoring depends on the size of the detectable window. We
compute cost rates for both policies over a range of failure processes and diagnostic qualities, in
order to identify the conditions under which an investment in monitoring can be expected to
return anything [23,24].

1.1 Contributions

We quantify the value of age-based replacement as a function of the Weibull shape
parameter, including the degenerate case where no optimal interval exists; we quantify the
value of condition-based replacement under a delay-time model and show that it is governed by
the defect window rather than by wear-out; we establish that the window behaves as a threshold
rather than a continuous parameter; and we compare the sensitivity of the result to detection
probability, false alarm rate and the cost ratio.

2. METHOD

2.1 Failure Model and Costs

Time to failure is Weibull with scale 1000 hours and shape {3 varied from 1 to 5. A shape
of 1 gives an exponential distribution with constant hazard — a memoryless process with no
wear-out — and larger values give increasing hazard [22]. The scale is held fixed, so mean life
varies mildly across the range and all comparisons are made against the run-to-failure cost rate
for the same shape.

A planned replacement costs 1 unit and an unplanned failure 8 units, a ratio of 8:1
intended to represent the downtime, secondary damage and expediting costs that accompany an
unplanned stoppage. Monitoring costs 0.0004 units per operating hour. The cost ratio is swept
separately in Section 3.4.

2.2 Age-Based Replacement

Under age-based replacement a unit is replaced on failure or on reaching age T,
whichever comes first. The long-run cost per unit time follows the classical renewal-reward
result [4,5]:

T):[CPR(THcf(l—R(T)”
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where R is the reliability function, c, the planned replacement cost and c; the failure
cost. We minimise this numerically over T. For § = 1 the expression is monotone and the
minimum lies at infinity, meaning the policy degenerates to run-to-failure; we report this case
as having no optimal interval rather than reporting a large arbitrary one.
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2.3 Condition-Based Replacement

Condition monitoring is modelled with a delay-time formulation, which is the standard
way to represent an inspectable degradation process [7,8]. The asset is sound until a defect
arrives, then fails after a further interval. A diagnostic can detect the defect only while it exists,
that is, during that interval.

We parameterise the mean interval as a fraction of mean life, so that a fraction of zero
represents an asset that fails without any detectable precursor and larger fractions represent
progressively more observable degradation. On detection the asset is replaced at a planned cost
at a uniformly distributed point within the remaining window.

We emphasise this choice because it is what makes the comparison meaningful. A
diagnostic modelled as issuing a warning at a fixed fraction of the true time to failure would be
an oracle, not a detector, and would appear to add value even for a process containing nothing
detectable. The delay-time model ties the diagnostic to an underlying physical state [9].

False alarms occur at a constant hourly rate and trigger a planned replacement of a
sound asset. Parameters are given in Table 1 and the complete script accompanies this paper.
Figure 1 summarises the structures the two policies exploit.

Table 1: Model parameters.

Parameter Value Note
Failure distribution Weibull, scale 1000 h Shape varied from 1 to 5
Shape =1 Constant hazard Memoryless; no wear-out to exploit
Planned replacement cost 1 Normalised
Unplanned failure cost 8 Includes downtime and secondary damage
Monitoring cost 0.0004 per hour Charged whenever monitoring is in use

Mean delay time as a

Defect window . . Zero means no detectable precursor

fraction of mean life
Detection probability 0t00.99 Probability the defect is found while it exists
Renewal cycles simulated 40,000 Per configuration

Two policies, two different properties of the failure process

AGE-BASED REPLACEMENT CONDITION-BASED REPLACEMENT

exploits WEAR-OUT: hazard rising exploits a DETECTABLE DEFECT WINDOW:
with age, so a fixed interval a period between defect onset and
catches units before they fail failure during which it can be seen

IF NEITHER IS PRESENT

A memoryless failure process with no defective stage cannot be improved by either policy.
No diagnostic accuracy substitutes for structure that is not there.

Fig.1: The distinct structures the two policies exploit, and the case in which neither is present.
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3. RESULTS

3.1 Age-Based Replacement Needs Wear-Out

Figure 2 plots the cost-rate curve against replacement interval for three shapes. At § = 2
and 3 = 3 the curve has a clear interior minimum, at 382 and 416 hours respectively. At f = 1 it
has none: the curve descends monotonically toward the run-to-failure rate and never falls below
it.

Table 2 and Figure 3 give the resulting savings. Age-based replacement returned 0 per
cent at 3 = 1, 20.4 per cent at § = 1.5, 40.7 per cent at 3 = 2, 59.4 per cent at 3 = 3 and 72.0 per
cent at 3 = 5.

The = 1 result is exact rather than numerical. For a memoryless process a surviving
unit is statistically identical to a new one, so replacing it discards remaining life of exactly the
same expected value as the replacement provides, at the cost of a planned intervention. No
interval can be advantageous, and this is a property of the failure process that no scheduling
sophistication alters.

The practical consequence is that a preventive replacement programme on an asset class
whose failures are close to random is a pure cost. Fitting a Weibull distribution to existing
failure records is a routine exercise and settles the question before any programme is designed.

Age-based value depends entirely on wear-out; condition-based does not

80 A

| | | | | | |
72%
60 @
59%
® =@= Age-based replacement

Saving over run-to-failure (%)

40 / =M= Condition-based replacement
41%
20 ()
/o%
01T—®
ﬂ:)" T T T T T T T T
1.0 1.5 2.0 2:5 3.0 3.5 4.0 4.5 5.0

Weibull shape parameter beta

Fig.3: Saving over run-to-failure for both policies against the shape parameter.

Table 2: Policy value against the Weibull shape parameter.

B Mean life (h) Runcl;z:-:::iure OptZE)al T Age-based saving Condsi:li‘(,)illll-gbased
1.0 1000 0.00800 none 0.0% 71.0%
1.5 903 0.00886 451 20.4% 71.2%
2.0 886 0.00903 382 40.7% 71.2%
3.0 893 0.00896 416 59.4% 71.0%
5.0 918 0.00871 514 72.0% 70.8%

Condition-based figures use detection probability 0.90, defect window 20% of mean life and a false alarm rate
of 1e-5 per hour.
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3.2 Condition Monitoring Needs a Detectable Window

Table 2 also shows the contrast that motivates the paper. Condition-based replacement
saved between 70.8 and 71.2 per cent across the entire shape range, including at § = 1 where
age-based replacement is worthless. The two policies are not competing versions of the same
idea; they exploit different structure.

At beta = 1 the cost-rate curve has no interior minimum
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Fig.2: Cost rate against replacement interval. At 3 = 1 there is no interior minimum.

Figure 4 and Table 3 vary the defect window. With no detectable defective stage the
policy returned -4.1 per cent — a loss, because the monitoring cost is incurred and nothing is
ever detected. A window of only 2 per cent of mean life returned 74.0 per cent, and widening it
to 40 per cent changed the figure only to 70.3 per cent.

What condition monitoring needs in order to pay
(a) Diagnostic sensitivity (b) The window is a gate, not a dial
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Probability the defect is detected Mean defect window, as a fraction of mean life

Fig.4: Condition-based saving against detection probability and against the defect window.

The window therefore behaves as a gate rather than a dial. What matters is whether a
detectable precursor exists at all; given that it does, its duration is a second-order consideration,
and a longer window even slightly reduces the saving because detection occurs earlier and more
remaining life is discarded.

This reframes the usual specification question. A monitoring programme is often
specified by asking how much warning time the diagnostic must provide. On these results the
prior question — whether the failure mode has a physically detectable precursor at all — is the
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one that determines whether the programme can succeed, and it is answered by failure mode
analysis rather than by data science [12-14].

Table 3: Effect of the detectable defect window.

Ltz wllllllglo;vli(ffer)actlon o Saving, B =1 Saving, B =2 Saving, § =3
0.00 -5.1% -4.1% -4.1%
0.02 73.3% 74.0% 74.0%
0.05 73.0% 73.7% 73.7%
0.10 72.6% 73.2% 73.2%
0.20 71.8% 72.2% 72.1%
0.40 70.3% 70.3% 70.1%

3.3 Sensitivity Matters More Than False Alarms
Figure 4 and Table 4 vary detection probability. The relationship is close to linear, from

-4.9 per cent at zero detection — the cost of monitoring with no benefit — to 80.5 per cent at
0.99.

Table 5 and Figure 5 vary the false alarm rate. Raising it from zero to one per 1,000
operating hours reduced the saving at 3 = 2 only from 72.2 to 66.9 per cent.

Table 5: Effect of false alarms.

False alarms per hour Mean tin:i::;vsveen 15 Saving, B = 2 Saving, B =3
none — 72.2% 72.1%
le-5 100,000 h 72.1% 72.1%
5e-5 20,000 h 72.0% 72.1%
le-4 10,000 h 71.9% 71.9%
3e-4 3,333 h 70.9% 71.4%
le-3 1,000 h 66.9% 68.3%

False alarms cost a planned replacement, not a failure
76

74 A
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10-° 107> 1074 1073
False alarm rate (per operating hour)

Fig.5: Saving against false alarm rate.
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The asymmetry has a simple cause and a useful implication. A missed detection costs a
failure; a false alarm costs a planned replacement, which in this setting is an eighth as expensive
and also resets the asset. Diagnostics for maintenance should therefore be tuned toward
sensitivity far more aggressively than a symmetric classification metric would suggest, and
reporting a balanced accuracy or F-score for such a model obscures the asymmetry that governs
its economic value [19].

We note the limit of this argument. Where a false alarm triggers a costly intervention, an
unnecessary shutdown of a process line, or erodes operator trust to the point that genuine alarms
are ignored, the asymmetry narrows or reverses [27]. Our model captures only the direct
replacement cost.

3.4 The Cost Ratio Gates Everything

Table 6 and Figure 6 vary the ratio of failure cost to planned replacement cost. At 2:1,
age-based replacement saved 3.3 per cent at § = 2 and condition-based 21.9 per cent. At 32:1 the
same policies saved 69.1 and 84.9 per cent.

Table 4: Effect of detection probability.

Detection probability Saving, B =1 Saving, B = 2 Saving, B =3
0.00 -6.0% -4.9% -4.7%
0.30 18.5% 19.3% 19.3%
0.50 35.8% 36.4% 36.4%
0.70 53.3% 53.8% 53.8%
0.90 71.7% 72.2% 72.2%
0.99 80.1% 80.5% 80.5%

Neither policy is worth much when failure is cheap

Bl Age, beta=1.0 Zm CBM, beta=2.0
_| mmm CBM, beta=1.0 B Age, beta=3.0
I Age, beta=2.0 Em CBM, beta=3.0

w sy wu [«2] ~ o]
o o o o o o
1 1 1 1 1

Saving over run-to-failure (%)

N
o
1

10 A

2:1 4:1 8:1 1l6:1 32:1
Failure cost to planned cost ratio

Fig.6: Saving against the failure-to-planned cost ratio for both policies.

Where an unplanned failure costs little more than a planned replacement, there is little
for any policy to recover, and run-to-failure is the correct engineering answer rather than a
failure of maintenance planning [10,11]. The cost ratio is usually the easiest of all these
parameters to estimate and the one most often left implicit in a business case.

Note also that the ratio interacts with the failure process. At 8 = 1 the age-based column
is zero at every ratio, because the policy cannot help regardless of how expensive failure is. A
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high cost ratio makes a viable policy more valuable; it does not make an inapplicable policy
applicable.

Table 6: Effect of the cost ratio.

Cost ratio Age, B=1 CBM, B=1 Age, p=2 CBM, B=2 Age, =3 CBM, B=3
2:1 0.0% 20.2% 3.3% 21.9% 12.0% 21.7%
4:1 0.0% 54.7% 21.1% 55.5% 38.3% 55.4%
8:1 0.0% 71.9% 40.7% 72.3% 59.4% 72.2%
16:1 0.0% 80.6% 56.9% 80.7% 73.9% 80.6%
32:1 0.0% 84.9% 69.1% 84.9% 83.4% 84.8%

4. DISCUSSION

4.1 Principal Findings

Four findings follow. Age-based replacement returned O per cent at 3 = 1, where no
optimal interval exists, rising monotonically to 72.0 per cent at f = 5. Condition-based
replacement was nearly independent of 3, confirming that the two policies exploit different
structure. The detectable defect window acted as a gate: -4.1 per cent with no window against
74.0 per cent with a window of 2 per cent of mean life, and little further gain thereafter. And
detection probability dominated false alarm rate by roughly an order of magnitude in its effect
on cost.

The unifying claim is that both policies have preconditions which are properties of the
asset, not of the maintenance organisation. Diagnostic accuracy is worth improving only once
the precondition is established, and a programme that omits that check can invest heavily in a
model that could not have paid for itself at any accuracy.

4.2 Relation to Existing Work

The age-replacement cost-rate result and the non-existence of an optimal interval for a
constant hazard are classical [4-6]. Delay-time modelling of inspection and condition
monitoring is an established body of work with substantial methodological development [7-9],
and the economics of maintenance policy selection has been treated extensively [10,11,23,24].
Reliability-centred maintenance frameworks make failure-mode analysis the entry point to
policy selection for precisely the reasons set out here [12-14].

None of the individual results is new to reliability engineering. What we offer is a
quantification in a form aimed at the machine-learning side of a condition monitoring project,
where the diagnostic is usually the object of attention and the asset’s failure characteristics are
treated as background [17,18,20,21]. The finding that the defect window behaves as a
threshold, and that this threshold rather than model accuracy is the first thing to establish, is the
part we would most want a project team to take away.

4.3 Recommendations

Figure 7 and Table 7 set out the guidance. Two points deserve comment.

Fit the failure distribution before commissioning a model. Estimating a Weibull shape
parameter from maintenance records is a few hours of work and determines whether age-based
replacement can help at all. Where the estimate is near unity, a preventive replacement
programme should not be built, and the case for condition monitoring rests entirely on whether
a physical precursor exists.
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Table 7: Preconditions and the decision they imply.

Asset property Age-based Condition-based Recommended
Wear-out present, detectable . . Either; compare cost of
P Effective Effective °T> comp
precursor present monitoring
Wear-out present, no precursor Effective Loss-making Age-based replacement
No wear-out, detectable precursor | Worthless Effective Condition monitoring
. Run to failure; invest in
No wear-out, no precursor Worthless Loss-making .
redundancy or design

Establish the precursor physically, not statistically. Whether a failure mode has a
detectable degradation stage is a question for failure-mode analysis, materials evidence and
instrumented trials, not for a model fitted to whatever sensor data happen to exist. A model can
always find some correlation in historical data; whether it corresponds to a precursor with
usable lead time is a separate and prior question.

ESTABLISH THE FAILURE MECHANISM BEFORE BUYING A MODEL

- At beta = 1 the optimal age-based interval does not exist and the saving is 0%

- Fitting a Weibull to existing failure data costs nothing and settles it

CONDITION MONITORING NEEDS A DETECTABLE DEFECT WINDOW

- With no window the policy returned -4.1%; with a window of 2% of life, 74.0%

- The window is close to a binary gate, and widening it further adds little

SENSITIVITY MATTERS MORE THAN FALSE ALARMS

r
‘ \

- Detection probability moved the saving from -5% to 81%

- Afalse alarm costs a planned replacement; a miss costs a failure

CHECK THE COST RATIO FIRST OF ALL

| \

- At 2:1 the best policy saved about 22%; at 32:1, about 85%

- Where failure is cheap, run-to-failure is the correct engineering answer

Fig.7: Proposed sequence for specifying a maintenance programme.

5. LIMITATIONS

The delay-time model assumes an exponentially distributed window independent of the
failure time, and the diagnostic is characterised by a single detection probability applied
uniformly within that window. Real detectability rises as a defect grows, so a constant
probability understates the advantage of frequent inspection and overstates the value of a single
early observation.

Costs are constant and known, replacement is instantaneous and restores the asset to
new, and there is no opportunistic grouping of maintenance across a fleet, no spare-parts
constraint and no production scheduling interaction. Each of these is material in practice and
each would change the numbers, though none affects the existence of the preconditions we
identify.

We compare policies at a single set of nominal parameters within each sweep rather than
optimising each policy jointly over all of its parameters. A fully optimised condition-based
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policy with an inspection interval chosen against cost would perform somewhat better than
reported here.

The monitoring cost is a single per-hour figure and excludes installation, integration,
model development and the ongoing effort of investigating alarms, which in practice often
dominate. Our condition-based savings should therefore be read as an upper bound on what the
policy could return, before those costs are subtracted.

Finally, the Weibull shape parameter is treated as known. In practice it is estimated from
censored maintenance records of modest size, and an estimate near unity carries wide
uncertainty. A decision to abandon preventive replacement on the strength of a point estimate
would be premature; the appropriate response to 3 near 1 is to widen the analysis, not to
conclude immediately.

6. CONCLUSION

Age-based replacement saved O per cent over run-to-failure when the failure process
was memoryless and 72.0 per cent when strongly wearing out. Condition-based replacement
saved around 71 per cent irrespective of wear-out, because it exploits a detectable defect
window rather than age.

That window is a gate. With no detectable precursor the policy returned -4.1 per cent, a
loss; with a precursor occupying 2 per cent of mean life it returned 74.0 per cent, and widening
it further added nothing. Detection probability then set the value within that regime, while false
alarms at realistic rates cost a few percentage points.

Both policies therefore rest on a property of the asset that no amount of modelling
supplies. Determining which property is present costs a Weibull fit and a failure-mode review,
and it decides whether a condition monitoring investment can return anything at all. That
determination belongs at the start of such a project rather than in its post-mortem.
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