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Introduction
The goal of inspection is to accurately assess the condition of 
an asset and to reduce the current and future uncertainty of the 
damage state that can occur from corrosion. An accurate condi-
tion assessment provides the information required to calculate an 
asset’s probability of failure and define future inspection require-
ments. Current inspection programs rely heavily on inspection 
data from condition monitoring locations (CMLs); however, 
many facilities struggle to properly place the correct number of 
CMLs and struggle to optimize CML inspection activities based 
on their assets’ damage rate and risk. 

Traditional CML optimization programs are often used to deter-
mine the minimum number of CMLs needed to accurately moni-
tor active damage mechanisms and identify susceptibilities prior 
to an asset failure. These optimization programs are typically con-
cerned with eliminating CMLs by intelligently defining inspec-
tion scope, techniques, and intervals that prevent unexpected 
failures. The desired result is the identification of inspection 
program deficiencies and specific changes required to effectively 
assess risk with confidence.

This article describes condition monitoring optimization as a 
data-driven methodology by which inspection scope, techniques, 
and intervals are intelligently determined and dynamically 
updated to maximize reliability and return on investment (ROI) 
as new information becomes available. Using this methodology, 
data collected through inspection is used to improve confidence 
in the asset damage state and to determine situations in which 
additional data is required, inspection adds little or no value, or 
corrective maintenance is the appropriate action.

Condition Monitoring Optimization
Condition monitoring optimization goes beyond traditional CML 
optimization, which is often limited in the breadth of analysis, or 
can overemphasize a subset of the overall objective. For example, 
facilities may focus solely on the elimination of CMLs, simply 
select effective inspection techniques, or just quantify the dam-
age state of the asset within a specified level of uncertainty. Not 
only is CML optimization inconsistently defined and applied 
throughout the industry, but most efforts also do not consider the 
ramifications of major changes in the context of neither entire 
mechanical integrity (MI) and risk-based inspection (RBI) pro-
grams nor their impact on overall facility reliability performance.

This article is the first of a two-part series on condition monitor-
ing optimization. In this article, we will: 

1.  Review probabilistic models for determining the end of useful 
life for individuals CMLs 

2.  Provide a description of potential methodologies for perform-
ing condition monitoring optimization

3.  Demonstrate the validity of the approach using a real-world 
case study 

In our second article, we will explore additional complex scenar-
ios including limited inspection history, inadequate CML place-
ment, and poorly chosen inspection techniques.

Probabilistic Models for CML Remaining 
Useful Life
To perform reliable condition monitoring optimization, we must 
first have a model that describes the likelihood that a given CML 
will fail with respect to time. While a variety of models can be 
used to achieve this goal, we will highlight one probabilistic 
model that combines historical inspection data along with sub-
ject matter expertise—the Lifetime Variability Curve (LVC). 
The LVC determines the probability of failure for a given failure 
mode, and unlike other common industry approaches, it takes 
into account the degradation rate and the uncertainty in the data 
which can affect future expectations. The LVC inputs include 
historical inspection data, how the asset’s data is changing over 
time, the uncertainty associated with each thickness reading,  
prior knowledge from subject matter expert (SME)-based or mod-
eled degradation rates, and how operating conditions may vary 
over time.

When applied to thickness data, the LVC produces a probabilis-
tic estimate of the thickness of a CML at any point in time. The 
model also projects a range of potential failure dates for the given 
CML, which enables us to achieve a probability distribution for 
the remaining useful life of the asset under consideration for the 
given CML.

While a full technical description of the LVC model is beyond the 
scope of this article, the model adjusts its prediction based on 
new data and prioritizes trends in later data over trends in ear-
lier historical data. Additionally, when the model does not have 
a large amount of inspection data, it will naturally rely more on 
SME input. As more data is acquired, the model will put greater 
emphasis on the inspection data, especially in cases where the 
inspection data clearly presents trends that are at odds with the 
preconceived expectations of the SME.

Figure 1 is an example of an LVC. The first plot on the left dis-
plays a single data point. In this case, the model relies heavily on 
the SME’s prior expectations, and estimates that the CML will fail 
sometime between 2023 and 2042. In the second plot, additional 
inspection data has been collected and reveals a consistent trend; 
however, this trend is at odds with the SME’s more pessimistic 
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expectation of degradation. The result is a wider range of uncer-
tainty regarding the ultimate failure date of the CML. In the right 
plot, two additional data points have been collected and show an 
acceleration in the overall rate of degradation. The model now 
predicts a much tighter interval for the failure date of the CML, 
ultimately matching closely with the SME’s original projections. 

From Probabilistic Models to Optimized 
Inspection Plans 
Given historical inspection data, the LVC model estimates a 
probability distribution of likely failure dates for every CML in 
the population. As discussed earlier, we will proceed under the 
assumption that CML placement and the accompanying inspec-
tion technologies are suffi cient in effectively detecting and quan-
tifying the damage occurring on a given asset. We make this 
assumption simply to allow for an introduction to the general 
methodology and will relax this assumption in our second article. 

Our objective is to identify the set of CMLs that require moni-
toring at the present time. Note that this objective differs from 
traditional CML optimization, which is typically concerned with 
eliminating CMLs entirely from the population. Rather than elim-
inating CMLs, our objective is to prioritize CMLs for inspection 
based on the value that each CML provides for characterizing the 
damage state of the asset under consideration. Note that the set 
of CMLs selected for monitoring can change over time as new 
inspection data is collected. 

Next, we’ll describe two methods for prioritizing CMLs for 
inspection. Each method is based on a different optimization 
strategy. The fi rst method aims to identify the set of CMLs that 
are most likely to drive the failure of an asset. The second method 
is related but aims to select CMLs with risks that exceed some 
specifi ed threshold on or before a selected future date. Naturally, 
other methods beyond those presented here could be utilized 
depending on specifi c objectives and reliability strategies. 

Method 1: Effectively Quantify Damage State at Lowest 
Possible Cost
In this method, we are interested only in identifying the CMLs 
that are most likely to be the fi rst to fail on a given asset. The ratio-
nale for this mindset is that this subset of CMLs is the only group 
strongly contributing to the overall probability of failure of the 

asset and, therefore, are the only ones in need of immediate mon-
itoring. These CMLs contribute most heavily to the overall dam-
age state of the asset and, therefore, the risk. Additionally, this 
approach can be utilized in the scenario where inspection costs 
may vary across CMLs (e.g., where scaffolding must be erected 
in order to access certain portions of the CML population). This 
method identifi es the driving CMLs while optimizing the overall 
inspection cost. 

The LVC model provides the probability distribution that each 
CML will fail on or before some point in time. From the set of LVC 
models, we calculate the probability that each CML will fail before 
all other CMLs in the population. Typically, a small number of 
CMLs have a reasonable probability of failing fi rst, meaning that 
other CMLs can be deprioritized in the current inspection. By 
assuming a confi dence that defi nes the required level of certainty, 
the set of identifi ed CMLs contains the fi rst-to-fail CML on the 
asset. The required confi dence level is determined in a variety of 
ways, including examination of consequence of failure and the 
defi nition of an acceptable risk threshold. If we incorporate addi-
tional information regarding the cost to inspect each CML, this 
formulation will fi nd the set of CMLs that meet the required con-
fi dence level at the optimized possible cost.

Consider a real-world example involving a piping circuit consist-
ing of 235 CMLs. Roughly 90% of the CMLs have an estimated 
average cost of $100 to inspect. Other CMLs in the population 
require the construction of scaffolding to access and, in this case, 
have an estimated average cost of $1,000 to inspect. We fi rst run 
the LVC model on each CML. Below, we show the overall deg-
radation of the individual CMLs as a density plot along with an 
example LVC of a high risk and low risk CML. Note that the vast 
majority of CMLs show very low degradation rates with some 
outliers showing very high degradation rates. These higher deg-
radation CMLs are critical to monitor since they are more likely 
to drive failure. 

We then perform our optimization analysis over a range of confi -
dence levels. We present these results below in terms of the over-
all cost of the inspection as well as the number of CMLs inspected 
for each confi dence level. For the case of 0.95 confi dence, the 
inspection cost is $3,900 for 21 CMLs compared to a cost of $41,500 
for inspection of all 235 CMLs. 

Figure 1.  Probabilistic model for predicting failure at the CML level. Left: A single data point. Middle: The model 
updates its predictions after receiving two additional data points. Right: The model again updates with 
fi ve data points showing an acceleration in degradation.
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Method 2: CMLs Exceeding Risk Threshold by Target 
Date
As an alternative to identifying the set of driving CMLs, we can 
also use the LVC to calculate the probability of failure for each 
CML on or before some target date, such as the date of a future 
turnaround when a facility can easily engage in inspection and 
maintenance activities. Combined with consequence of failure 
data for each CML, we can further formulate this problem as 
identifying any CML whose risk exceeds some desired threshold 
on or before the target date.

Using the real-world data introduced earlier, we now solve the 
condition monitoring optimization problem using the risk-based 
approach. We consider a target date of June 2027, which equates to 
two turnarounds out for the unit. The consequence of failure for 
the piping circuit is estimated at $2,000,000 with a risk threshold 

of $100,000. This necessitates a probability of failure threshold of 
0.05 for each CML in the population. Under these constraints, we 
fi nd that 44 CMLs of the total 235 are required for inspection, at a 
total cost of $7,100. 

Conclusion
We presented a new vision for condition monitoring optimiza-
tion based on selecting a set of CMLs for inspection formulated 
by specifi c criteria and explained two methods for performing 
this optimization. First, we proposed selecting a set of CMLs that 
have a high probability of driving failure on an asset. This method 
enables the quantifi cation of the damage state of an asset, result-
ing in effective risk management at an optimized cost. Second, we 
proposed selecting all CMLs that violate a risk-based threshold. 
We demonstrated both approaches with real industry data and 
showed that we can optimize the cost of an inspection with the 
defi ned impact on overall risk. 

The case presented results of an inspection cost reduction. 
Naturally, the outcome of the analysis will vary on a case-by-case 
basis. In some cases, coverage may need to be increased or more 
advanced, and more costly inspection techniques need to be uti-
lized to effectively manage risk.

We assumed throughout this article that the current CMLs avail-
able for optimization provided adequate coverage for the assets 
under consideration to effectively illustrate the concept. While 
this assumption was true for the case that we examined, it will 
not be an accurate assumption in other situations where either 
CML placement, coverage, or inspection technologies are not well 
calibrated for the types of damage that may be encountered. This 
type of scenario will be the focus of the next article in this series. 

The methodology presented in this article illustrates how data 
analytics can help facilities improve their inspection programs, 
and ultimately, empower facilities to make better reliabil-
ity decisions that will help them effectively manage risk and 
overall costs. ■

For more information on this subject or the author, please email 
us at inquiries@inspectioneering.com.

Figure 2.  Degradation rates for each CML for the circuit under consideration. 
Most CMLs are decaying very slowly over time with a few outliers 
with higher degradation rates.

Figure 3.  Quantifying damage state at the lowest possible cost. With 95% 
confi dence, we have selected the CMLs that will be fi rst-to-fail in 
the population. This requires sampling only 21 of 235 CMLs, while 
reducing the inspection cost by 90%.
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