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Abstract - This paper describes a method for 
individualized equipment component lifing estimates. 
The basic idea of individualized lifing estimate is to not 
only take into account age-based population 
distributions (as expressed by age Weibull curves) but 
also other factors that could potentially influence the 
remaining life of a equipment component. For example, 
these additional factors might include usage data, error 
code information, overhaul test results, replacement 
parts information, and others. Integrating this 
information produces a more refined lifing estimate for 
equipment components compared to an estimate based 
on age alone. However, measurements and otherwise 
recorded data are rarely a direct indicator of how much 
the lifing estimate should be adjusted. Rather, these data 
were originally meant to serve other goals. In addition, 
data sources may be highly heterogeneous in nature, 
and may provide conflicting information. To allow a 
unified representation we propose in this paper 
ontological information modeling which is 
supplemented by mapping functions that allow 
inferencing from data sources to the quantity of interest. 
We then fuse the output from the different information 
sources and finally compare the resulting Weibull 
distribution with the age-based Weibull distribution. 

Keywords: Information fusion, decision fusion, lifing, 
Weibull, heterogeneous information. 

 

1 Introduction 
The basic idea of individualized lifing estimate is to not 
only take into account the population distributions (as 
expressed by Weibull curves) but also the individual 
situation of particular equipment components. There are 
a number of factors that could potentially influence the 
remaining life of a component. For example, the usage 
up to the point of removal plays an important role in 
determining the state of the component. If the equipment 
was subject to high loads, it will clearly not have the 
same propensity for failure as a component that has seen 
occasional light duty use. Unfortunately, there is no one 
sensor that can give a complete picture of the state of the 
component. Rather, there are information pieces that are 

potentially partial indicators for a lifing estimate. Some 
of these indicators are failure events, fault codes, usage 
data, component age, test results, FMECA, and Weibull 
distributions. Failure events may give information about 
which component has failed. Should a particular 
component appear to have failed numerous times, then 
this could be taken as an indication for particularly 
severe wear. Wear in turn has direct implications on a 
lifing estimate. More than average wear is expected to 
shorten the remaining life, less than average wear is 
expected to increase the reminaining life. Similarly, 
issued error codes or fault codes may be associated with 
heavy wear. Fault codes might report about component 
overload, component overheating, etc., all of which have 
repercussions on the component. Root cause information 
may be helpful in refining the impact of a fault or, more 
generally, an unusual system condition. However, root 
cause information is typically hard to come by but it is 
already useful to know the resulting damage. For 
example, whether severe environmental conditions 
caused overheating or whether a faulty leak led to 
coolant leakage which in turn caused the overheating is 
secondary to the increased wear (or damage) that results 
from the overheating condition. Usage data gives 
information about which load condition the component 
was subjected to and for how long over the life of the 
component. Age will have some indirect diagnostic 
value because we know about general wear patterns 
which typically increase sharply at the beginning, then 
settle to a more moderate wear slope, and then increase 
again towards the end of the useful life of the 
component. Inspection results report about specific wear 
related parameters such as dimensional change or 
operational behavior. General maintenance practices 
could account for small changes between fleets (or 
model series). Finally, expert heuristics may cast more 
complex observations into rules that could be integrated 
into a lifing estimation framework as well. 

Although the general mantra is that more information is 
better, there are some issues surrounding the integration 
of different information sources. One issue is the 
heterogeneous nature of the information sources. It is 
important to be able to look at the information from an 
unified standpoint to allow for an apples-to-apples 
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ID   Numb.     Date     Code  Hours     Hours   Spe d T H Sped Volt AmpsFld Tmp Tmp  SE Fault Description
--------------------------------------------------- ---------------------------------------------------------
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AB   8894   21-mar-1996 422E 80825.16 80874.53   0.0 C 1  439    7    2   0 175 189Fault Reset While In Le
AB   8894   22-mar-1996 49CC 80843.95 80845.10   0.0 C S    0    3    0   0 174 178Intake Manifold Air Too
AB   8894   23-mar-1996 453D 80859.18 80859.18  17.0 F 8 1050    8   11   0 178 205FDP Or FCFP RU Is Bad
AB   8894   23-mar-1996 4533 80861.85 80861.86   0.0 F 3  885   2 9  871 242 172 183TM #2 Stalled (LowCurr
AB   8894   23-mar-1996 453D 80865.26 80865.26  22.8 F 8  995    8    8   0 180 200FDP Or FCFP RU Is Bad
AB   8894   23-mar-1996 453D 80867.90 80867.90  30.9 F 5  992    9    0   0 174 201FDP Or FCFP RU Is Bad
AB   8894   23-mar-1996 453D 80870.30 80870.30  38.5 F 1  436    2   16   0 174 191FDP Or FCFP RU Is Bad
AB   8894   23-mar-1996 453D 80876.60 80876.60  33.4 F 8  989    9    2   0 179 197FDP Or FCFP RU Is Bad
AB   8894   23-mar-1996 453D 80878.53 80878.53  20.6 F 8  992    8   12   0 176 190FDP Or FCFP RU Is Bad
AB   8894   24-mar-1996 453D 80887.50 80887.50  27.0 F 8  995    8    3   0 172 202FDP Or FCFP RU Is Bad
AB   8894   24-mar-1996 450F 80890.85 80902.08  38.7 F 8 1007  52 3  462  99 169 193Load Limited:         L
AB   8894   28-mar-1996 49CC 80983.78 80990.63   0.0 C S    0    3    2   0 177 182Intake Manifold Air Too
AB   8894   28-mar-1996 49CC 80990.63 80990.65   0.0 C S    0    3    1   0 115 112Intake Manifold Air Too
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Figure 1: Framework for fusing potential 
information sources 

 

comparison. For example, to compare the fault codes 
that might be expressed as alphanumerical strings with 
age (expressed in days) or usage (expressed in percent 
spent at a particular load setting), an integrating 
operation has to be carried out that facilitates this 
information comparison. Another issue is the potentially 
conflicting information arising from the different 
sources. While one information source may suggest that 
the engine is not worn at all, another source may imply 
that it is heavily worn. These differences need to be 

resolved within the fusion function. The individual 
elements of this architecture are displayed in Figure 1.  

2 Output: Lifing estimates 
Reliability is described as the probability that an item 
will perform satisfactorily for a specified period of time 
under specified operating conditions. Failure occurs 
when the strength of a component and the load or duty 
imposed on it overlap and thus become incompatible. 
The basic lifing algorithm can be described as a 
probability density function using the Weibull 
distribution of the form 
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where 

b: shape paraemter 

h: scale parameter 

Using different values for parameters b and h, we can 
modify the curve of the Weibull distribution. This allows 
a lifing estimate for a component at any time during its 
life with some confidence bounds. Generally, a Weibull 
regression should produce different types of output such 
as significance of variable, estimate of impact on b, h, 

life estimate for part x1, x2, …, confidence, and a 
transfer function. 

 

Figure 2: Component 1 Age Weibull 

Figures 2 and Figure 3 show Weibull curves for the life 
data gathered for component 1 and component 2, 
respectively.  The ages of failed components were 
compiled to produce the individual data points on the 
graph.  The solid line represents the Weibull estimate for 
the probability of failure (y axis) at the corresponding 
age in days (x axis).  The dotted lines on either side of 
the solid line represent the 95% confidence bounds for 
the range of probabilities for that age. Both x and y axes 
are on a log10 scale.   

The solid line for the Weibull model is drawn using 

)()))(1(log(log 1010 yrsagettFweib =--=    (2) 

where F(t) is the Weibull cdf (Cumulative Distribution 
Function). 
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Figure 3: Component 2 Age Weibull 
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Figure 4: Ontological representation of information 
sources 

By visual inspection of Figure 2 and Figure 3, the data 
points seem to follow the Weibull curve more closely 
after the first year.  There is a large deviation from the 
Weibull estimate for failures within the first year.  This 
deviation could be the result of factors not recorded by 
age alone, abnormally recorded data, or simply poor 
modeling qualities of the Weibull curve.  However, since 
84.25% of the data fall within the 95% confidence 
bounds, the overall Weibull model was ruled in this case 
to be an acceptable base model, therefore implying that 
the age of the components is an adequate indicator of 
remaining life. 

Table 1: Age Weibull Values 

Weibull Shape/ b Scale/a 

Sum 
Squared 
Errors 

% w/in 
Conf. Limits 

Comp 1 1.86 5343.54 8.52 84.25% 
Comp 2 1.35 2231.85 5.85 90.27% 
 

As expressed earlier, an age based estimate is done 
assuming usage (e.g. mileage, hours in use, cycles, 
starts, etc.) is similar for every unit. But usage is rarely 
constant and may vary considerably over time or 
between units. Similarly, other factors may contribute to 
the rate of wear on a component, such as operation under 
abnormal conditions, variations in maintenance 
practices, or variations of environmental conditions. The 
basic premise of individualized lifing is that knowledge 
about the state of wear should improve the lifing 
estimate.  

To that end, we examine moreclosely some of the factors 
affecting wear namely usage and operation under 
abnormal conditions (as indicated by error logs) of two 
components of a vehicle. Ultimately, we were interested 
in determining the impact of these factors on the lifing 
estimate of each component.   

3 Information modeling 
The information is initially modeled using an ontological 
representation. This has the purpose to enumerate the 
different sources, their properties, and to model the 
relationships between the sources. It allows the 
categorization of common properties and facilitates 
projecting statements about a general class to subclasses. 
The common properties are of interest because they 
allow an apples-to-apples comparison which is a 
prerequisite for fusion. This is like finding the largest 
common denominator. Here the sought after common 
properties are impact on age adjustment..The ontological 
representation also allows projecting statements about a 
class of entities to other entities with relevant properties 
and to generalize exemplar statements about specific 

entities. Figure 4 shows the conceptual ontological 
representation. The component object contains several 
components. Each one of them is exposed to particular 
usage. The usage can be transformed into an impact on  
age adjustment. The components also may experience 
abnormal conditions as expressed indirectly by error 
codes. These error codes are then also mapped to an 
impact on age adjustment index. Both indeces are fused 
with the base age to arrive at a lifing estimate. The base 
age is derived from a distribution of components. 

3.1 Information Mapping 

As outlined above, the information represented in the 
ontology needs to be mapped to an age adjustment state 
of the component of interest. To that end, different 
mapping function are introduced and discussed. 

3.1.1 Usage Data Mapping 
Usage data are recorded (in our example) when routine 
maintenance events occur. These data are then sorted in 
descending order by date. We assume in a rough 
approximation that the maintenance date is now and look 
at the usage up to now. Data of interest include the 
cumulative percentage of time spent at particular load 
settings. In addition, the cumulative power consumed is 
recorded. We postulate that a component that has been 
driven “harder” will exhibit more signs of wear than a 
component that has been used for occasional use only.  
Wear, in turn, is a measure by how much age estimates 
need to be adjusted. To that end, the time spent at a 
higher load setting will factor into the equation with a 
higher weight. In addition, the power consumed 
(expressed in the cumulative Wh) is used as a scaling 
function. The usage index proposed uses a weighted 
average of the time at each load setting scaled by the 
power consumed. 



The usage index is defined as: 
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The age adjustment resulting from usage is obtained via 
a non-linear squashing function that returns a continuous 
number between -1 and 1. 
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where 

 au scales the slope of the curve and is a tunable 
parameter 

 b u is a positional parameters and is also tunable   

Figure 5 shows the function with au=0.01 and bu=3 
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Figure 5: Mapping function for age adjustment over 
usage index 

3.1.2 Error messages 
Using error messages as an indicator for wear (and 
hence age adjustment) uses the notion that certain faults 
may increase the state of wear of components. For 
example, if an error message relating to overheating of 
the component occurs, the impact on wear of that 
component is higher than for a component that does not 
have these error messages.   

While different faults have different impact on the wear 
of the component, we will first assume an equal impact. 
Then, the number of error messages are approximately 
proportional to the impact on wear. The following 
function is proposed to capture this relation: 
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where 

 ae scales the slope of the curve and is a tunable 
parameter 

 b e is a positional parameters and is also tunable   

Figure 6 illustrates this relation with ae =0.01 and 
be=100. 
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Figure 6: Mapping function for age adjustment over 
number of error messages 

 

4 Data Fusion 
Once the wear values described above have been 
calculated, they have to be fused with the age Weibull 
into one unified value that reflects the overall condition 
of the part  to produce a better lifing estimate. As 
mentioned before, the basic premise is that the age 
values can be adjusted based on the wear that a 
component was exposed to. Such an adjustment is 
illustrated in Figure 7.  

 
 
 
 
 
 
 
 
 
 
 



 
Figure 7 : Example adjustment for life expectation 

Values that deviate from the mean of the age model 
might be nudged closer to the mean. In particular, if a 
component has seen less than average load, its age at 
failure might be higher than average. Therefore, an 
adjustment towards the mean would be undertaken by 
subtracting some life from the component to allow a 
better fit with the model. Converseley, a component with 
higher than average load at failure is assumed to fail 
sooner than the average. It will therefore be adjusted by 
adding some life to the component. The same procedure 
can be undertaken with the error message index which is 
presumed indicative of higher wear with a larger index.  

We investigated different aggregation schemes to 
combine the individual wear values into one age 
adjustment index.  In particular, we explored weighted 
average and a weighted sum. The former would result in 
an age adjustment index and is expressed by   

( )
321

_*3*2*1
_

CCC

valueerrorCusageCageC
ageadjusted

++

++
=  (7) 

The weighted sum is expressed as 

valueerrorCusageCageageadjusted _*2*1_ ++=  (8) 

The fusion scheme expressed in equation 8 has the 
advantage that the interpretation of age is retained.  

Recall that the age adjustment indices were computed 
with a non-linear transfer function which might provide 
the required degree of flexibility to properly map the 
presumably non-linear wear mechanisms to the aging 
process. Clearly, such a problem depends to a large 
degree on the choice of parameters. We phrased the 
tuning problem as a generic search problem and 
employed a genetic algorithms, mainly for their ease of 
use. Genetic algorithms (Holland, 1975), can be viewed 
as general purpose optimizers, originally inspired by 
Darwin’s theory of evolution. They continually change 
or “evolve” a set (population) of values in order to arrive 
at the best solution to a user-defined problem.  In this 
case, genetic algorithms were used to find the optimal 
values for the mapping coefficients as well as the 

parameters of the adjustment function that would yield 
the best fitting Weibull model to the data.  The fitness 
function was described as the number of points of the 
adjusted age data within the 95% confidence interval of 
the Weibull fit. 
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where pi are the points within the 95% confidence 
interval. Variations if this fitness functions include the 
sum squared error (SSE) as expressed in equation 10. 
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where g is a small scalar (e.g., g =0.01). This has the 
purpose of providing an even better fit once the majority 
of the data has been moved inside the confidence 
intervals. 

 

5 Application 
Of interest in this study are several vehicle components. 
The two components under consideration exhibit 
considerably different behavior in terms of their wear 
patterns over time and usage.  The ultimate goal of 
evaluating the life of these components is to modify 
maintenance practices to limit the use of components 
with high wear and thus higher risk of failure and to 
maximize the use of components with low wear and thus 
lower risk of failure while at the same time improving 
the cost associated with maintenance operations for 
these components. 
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Figure 8 : Age Weibull 
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Figure 9 : Adjusted Age Weibull 

 

5.1 Analysis 

The Weibull curves for the adjusted age was compared 
to the non-adjusted age curve.  Generally, a Weibull 
fitting that is more accurate and has tighter confidence 
bounds is a better predictor of remaining life for a 
component under a certain stress level.  The Weibull 
fittings described above were examined and measured 
for accuracy.  The results are found in Table 2.  We used 
two metrics to perform the comparison, 1.) Sum squared 
errors (SSE) – a cumulative measure of how much 
distance there was between each individual data point 
and the linear Weibull fitting; 2.) the percentage of data 
points located within the calculated 95% confidence 
limits. 

 

Table 2: Weibull Analysis 

Stress Variable SSE % within 
Conf. 
Limits 

Age 8.52 84.25 Component 1 
Adjusted Index 5.24 95.86 

 Adjusted Age  89.53 
Age 5.85 90.27 Component 2 
Adjusted Index 1.45 100.00 

 Adjusted Age  100.00 
 

It is apparent that the Weibull fit produced for the 
adjusted index (equation 7) and adjusted age (equation 
8) of both components provide a closer fit than the ones 
for the base age Weibull fit.  The general shape of the 
curve is the same although some changes are 
perceptible, most notably in the lower region (where 
they can be more readily observed due to the scaling).   
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Figure 10: Age Weibull for Component 2 

Figure 11: Composite Age Weibull for Component 2  

The interpretation of age is retained in the aggregation 
scheme of equation 8. For that system, it was interesting 
to note that the optimized parameters C1 and C2 had 
negative values as one would expect for the age 
adjustment based on excessive wear. The mappings of 
the aggregation scheme of equation 7 are entirely data 
driven and have no particular underlying physical 
meaning. We present those results as well because they 
to provide better performance.  This seems to indicate 
that either some additional parameter is captured here or 
that the tuning mechanism happens to find a better 
region ofor this algorithm (unrelated to any additional 
parameters). 

One should also keep in mind the basic underlying 
assumptions that the Weibull model provides a good fit 
in the first place. This may not be a good assumption 
given that considerable deviations from the model can be 
observed. 

If – despite some reservations expressed above – one 
were to correct for the linear adjustment by aligning the 
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corrected data with the original data, the distribution as 
displayed in Figure 9 results. This non-normal 
distribution adjusts for a fairly large number of cases in 
the –350 range possibly due to the lower age threshold. 
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Figure 12 : Distribution of Adjusters for component 2 

Table 3 and Table 4 list the parameters that result from 
the optimization process. Although the parameters are 
not independent the scaling parameters indicate that both 
error logs as well as usage have considerable impact on 
the expected life of the component. It is also interesting 
to note that the parameters deviate between components. 
Initially, the same bounds were imposed on parameters 
of both components. However, after first optimization 
runs, the error parameters for component 2 converged 
towards the upper bound. These bounds were therefore 
relaxed which resulted in considerable performance 
improvement.  

Table 3: Optimized Fusion Parameters for Adjusted 
Index 

au bu ae be C1 C2 C3 
Comp 1 6.29 4.65 9.8 7.22 0.06 8.20 6.95 
Comp 2 8.72 8.76 2.32 60.26 0.11 6.52 33.83 

 

Table 4: Optimized Fusion Parameters for Adjusted 
Age  

 au bu ae be C2 C3 
Comp 1 3.09 9.13 2.91 7.59 5.82 -29.86 
Comp 2 7.28 8.27 82.69 40.23 -83.27 -95.49 
 

Validation 

To validate the data, additional data were examined from 
an independent equipment fleet (fleet B) using the same 
component. Although the usage pattern is somewhat 
different for this fleet, it was considered to be important 
to test whether the results would at all hold for an 
independent set of data. Figure 10 and Figure 11 show 

the Weibull plots for adjusted index of component 1 and 
component 2 of fleet B, respectively. As summarized in 
Table 5, the validation run shows the same results with 
respect to the 95% confidence interval (95.59% and 
100%). The SSE is higher for adjusted age of component 
1 (7.55 vs. 4.54 for the baseline run) and lower for 
component 2 (1.4 vs. 3.08 for the baseline run).  
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Figure 13 : Composite Age Weibull for Component 2 
of Fleet B 
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Figure 14 : Composite Age Weibull for Component 2 
of Fleet B 

Table 5: Results from Validation Run 

Stress Variable SSE % within 
Conf. 
Limits 

Age 4.54 95.59 Component 1 
Adjusted Index 7.55 95.59 
Age 3.08 100 Component 2 
Adjusted Index 1.40 100 



Conclusions and Final Remarks 
In this paper, we presented a method to adjust the age of 
equipment components based on indirect information 
from diverse sources to allow for a better lifing model. In 
particular, we examined the impact of usage and error 
logs on the wear status of a component. Adjusting the 
expected life of a component based on the experienced 
wear seems to produce better lifing models. These 
models are tailored to the particular environmental 
conditions of the equipment. Applying the same model 
for components of different design series produced 
mixed results for the two components investigated. This 
points (in at least one case) to conditions not captured by 
the information sources exploited. It also points to poor 
generalization capabilities. The sensitivity of the 
parameters to the result within the same fleet is low but 
may be higher across fleets. Future research will 
investigate the impact of parameter changes as well as 
explore whether combined life models will lead to 
improved results. 
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