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Abstract:  This paper describes how to evaluate the accuracy of prognostic estimates for 
remaining-useful life (RUL), state of health (SoH), and prognostic horizon (PH). The 
primary goal of prognostics is to accurately predict future failure in systems. Condition-
based-maintenance (CBM) systems use condition-based data (CBD) to detect degradation 
and project that degradation to a failing level at a future time. Prognostic estimates are 
produced by a Prognostic Health Monitoring (PHM) system. The process comprises three 
stages: sensing, data processing, and prediction. The time when data is sampled, the 
amplitude of features extracted from that data, the rate at which the amplitudes change, and 
a model for that data are used to estimate that future time of failure and to calculate 
prognostic estimates (RUL, SoH, and PH): collectively known as prognostic information. 
Evaluation of the accuracy of prognostic information is critical and necessary to install 
confidence in those estimates. Evaluation begins with knowing that ideal, zero-error 
estimates are not achievable in practice because of, for example, initial-estimate errors, 
offset errors due to sampling, noise, and data nonlinearity.  Performance metrics to evaluate 
accuracy of RUL, SoH, and PH estimates are developed and tabulated: convergence 
efficiency, prognostic distance (PD), and PH accuracy (PHα). Other prognostic terms, 
names, and descriptions are also provided and examples of evaluation methods and how to 
improve prognostic accuracy are included. 
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1. INTRODUCTION 

Prognostics has the primary goal of accurately predicting future failure in systems. 
Condition-based-maintenance (CBM) systems use condition-based data (CBD) to detect 
degradation and project that degradation to a failing level at a future time.  The time when 
data is sampled, the amplitude of features extracted from that data, the rate at which the 
amplitudes change, and a model for that data are used to estimate a future time of failure 
and to calculate prognostic estimates (RUL, SoH, and PH): collectively known as 
prognostic information. You need to evaluate and ensure that prognostic information 
produced by a PHM system meets accuracy requirements. 
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PHM System 

The job of a PHM system is to sense a node and isolate one or more features to be data 
processed as input to prediction algorithms that produce accurate prognostic information 
for subsequent health/fault management. You ensure the accuracy of prognostic 
information by changing operating parameters of a PHM system. Figure 1 is a block 
diagram of an exemplary PHM system comprising three (3) stages: a sensing stage, a data 
processing stage, and prognosing stage.  

 
Figure 1. Diagram of a 3-Stage PHM System. 

The sensing stage, attached to a node in a system being monitored for health, is comprised 
of one or more sensors that monitor and collect condition-based data (CBD): CBD 
examples include, vibration, shock, temperature (heat), light, and electrical (voltage and 
current). The output of the sensing stage is usually a filtered and/or windowed CBD. 
Sometimes, a sensing stage outputs reconditioned CBD as feature data (FD). 

The data-processing stage conditions the output of the sensing stage to produce a linearized 
signature called Fault to Failure Progression (FFP) signature through the use of 
computational routines, functional routines, and program modules. Those routines and 
program modules are reusable and are selected and used as necessary for application-
specific solutions. 

The prognosing stage comprises a set of prediction algorithms that processes Functional 
Failure Signature (FFS) data to produce accurate prognostic information. The one in the 
example PHM system uses fast-convergence algorithms and Kalman-like filtering. In 
Kalman-like filtering, each data point is compared to a model, the model is adapted to the 
data, and then used to predict a future time of failure. The prediction algorithms also treat 
data as particles having momentum (they tend to keep moving in the same direction) and 
inertia (abrupt changes are not related to degradation). A random-walk type of solution is 
also used wherein data moves from the lower-left of a data space (zero degradation) to the 
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upper-right of a data space (functional failure). The prediction algorithms support self-
healing wherein degradation is reduced.  

The purpose of evaluating the accuracy of prognostic information is to ensure accuracy 
requirements are met: if not, adjustments to and/or modification of the PHM system tuning 
become necessary. The exemplary PHM system has parameterized the selection, 
functionality, and operational values and thresholds to support tuning for each monitored 
node. For high accuracy, a 3-stage PHM systems needs the following:  

• One or more sensors to monitor nodes to capture CBD, with or without preliminary 
data conditioning. 

• Data processing routines, algorithms, and programs to filter, cancel, or otherwise 
mitigate noise and to transform data from CBD that is typically curvilinear and very 
noisy to signature data that is linearized and relatively noiseless; 

• A very fast and accurate set of prediction algorithms – the exemplary PHM system 
uses a set of prediction algorithms in a program called Adaptive RUL Estimator, 
Advanced Version* (ARULEAV). [* trademarks of Ridgetop Group, Inc.]. 
 

Features and Noise. Degradation occurs when, because of continuing or cyclic stresses 
and strains (plastic work), damage accumulates and one or more features change 
accordingly. Such features are often referred to as condition indicators or leading indicators 
of failure. 

In addition to features, system nodes exhibit noise, including thermal noise, harmonic 
distortion, switching nose (glitches and spikes) that are often found to be damped-ringing 
responses, and so on. Noise is defined as anything that is measurable and which is not a 
feature of interest. For example, referring to Figure 2, the CBD is analog voltage 
comprising at least eight forms of features and noise com: (1) DC voltage; (2) voltage 
droop; (3) ripple voltage; (4) thermal noise; (5) damped ringing response; (6) harmonic 
distortion; (7) switching spikes and glitches; (8) periodicity of features and noise; and so 
on.  

𝑽𝑽 =  𝐶𝐶𝐶𝐶𝐶𝐶1 + 𝐶𝐶𝐶𝐶𝐶𝐶2 + ⋯𝐶𝐶𝐶𝐶𝐶𝐶𝑛𝑛 + 𝑁𝑁1 + 𝑁𝑁2 + 𝑁𝑁𝑚𝑚    (1) 

In EQ. (1), 𝐶𝐶𝐶𝐶𝐶𝐶n refers to one or more features of interest and 𝑁𝑁nis everything else that is 
measurable and collectible that is not of interest for a particular solution. 

Features and Noise Within a Feature. In practice, a given feature may comprise other 
features. For example, the damped-ringing response shown in Figure 2 and Figure 3 
comprises other features (and noise); primary features are the amplitude (AR), the period of 
the resonant frequency (TR), and the time constant, often referred to as lifetime, (λ) of the 
exponential decay.  
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Figure 2. Analog Voltage Present at a Particular Node in a System 

 
Figure 3. Damped-Ringing Response Showing AR, TR, and λ Features. 

Prognostic Estimates and Terminology: Prior to the Onset of Damage 

Figure 4 plots an ideal RUL transfer curve: when a product is first used, it has an expected 
lifetime (λ) that is exactly equal to the time when it fails (EOL). However, ideal RUL 
estimates are unrealistic and are not going to happen. If three identical products are 
manufactured the same day with a first product left unused, a second product put into heavy 
use on the 1stth day and fails 100 days later, and the third product put into normal use on 
the 101st day, what is the expected RUL of that third product? An ideal RUL transfer curve 
would result in a estimated RUL of 100 days. But wait, how does normal use versus heavy 
use change the RUL estimate? That answer is not only unknown, it cannot be known.  

Traditional Approaches to Prognostics. A primary problem with traditional model-
driven, data-driven, and hybrid-driven approaches to prognostic estimation is they do not 
and cannot take into account all of the stress and strains, plastic work, extreme events, and 
so on that result in the onset of damage and henceforth an ongoing accumulation of damage 
(degradation) leading to failure.  
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Figure 4. Ideal RUL Transfer Curve: RUL Estimate Linear with Sampling Time. 

Failure versus Functional Failure. Failure, as it relates to prognostics, is often ill-defined. 
For example, does failure occur when a drive shaft shears? Or does it occur when friction 
between the shaft and a roller bearing reaches a level where torque on the shaft exceeds 
design specifications? Or does failure occur when the shaft becomes warped and the unit 
begins to vibrate? 

We define and use functional failure rather than simply failure or physical failure. 
Functional failure is defined to occur when a device, component, subassembly, … system 
is no longer capable of operating within specifications: functional failure, therefore, occurs 
before physical failure or operational failure. 

2. PROGNOSTIC INFORMATION: TERMS, NAMES, AND DESCRIPTION 

Figure 5 is a plot of a more realistic and practical RUL transfer curve: until damage occurs 
that causes a measurable change in a signal, it is not reasonable to provide RUL estimates 
that become smaller as time passes.  

 
Figure 5. A More Realistic RUL Transfer Curve. 
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Once damage is detected, then RUL estimates can be made using knowledge of the 
following: physics-of-failure (PoF), association of a change in a measured signal to such 
PoF, and a model of how the signal changes as damage accumulates. Within some number 
of samples, prognostic algorithms should produce estimates that converge from an initial-
estimate error to estimates within a specified % accuracy.  

The accuracy of prognostic information, estimates of RUL, PH, and SoH, cannot be 100%, 
if for no other reason than it is not possible to know when a specific prognostic target is 
going to fail, and this is especially true in the absence of any detectable degradation. 
However, for a single failure mode, a PHM system should produce increasingly accurate 
estimates as degradation progresses toward EOL.  

Terminology and Performance Metrics 

Figure 6 illustrates the basic terminology that is associated with RUL and Table 1 lists 
prognostic terms, names, and descriptions (not all of which are shown in Figure 6).  

 
Figure 6. RUL Transfer Curve: Basic Terminology. 

Table 1: List of Prognostic Terms, Names, and Description 
Term Name Description/Explanation 
α Alpha (accuracy) Used with PD, PH, and χ 

 When estimates are within α 
of actual 

𝐁𝐁𝐁𝐁𝟎𝟎 True BD Actual time when degradation 
begins 

𝐁𝐁𝐁𝐁 
(𝐁𝐁𝐁𝐁𝐁𝐁𝐃𝐃𝐃𝐃𝐃𝐃𝐃𝐃𝐃𝐃𝐃𝐃𝐁𝐁) 

Estimated beginning of degradation Estimated because of 
 Measurement uncertainty, 
 Noise (margin) 
 Sampling period 

𝐁𝐁𝐁𝐁𝐎𝐎𝐃𝐃 Offset error for BD 
 𝐶𝐶𝐶𝐶𝑂𝑂𝑂𝑂 =  𝐶𝐶𝐶𝐶𝐷𝐷𝑂𝑂𝐷𝐷𝑂𝑂𝐷𝐷𝐷𝐷𝑂𝑂𝐷𝐷 − 𝐶𝐶𝐶𝐶0 

The error (time) between actual 
and estimated beginning of 
degradation 
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χ𝜶𝜶 Convergence figure of merit:  
 χ𝛼𝛼 = 𝑃𝑃𝐶𝐶𝛼𝛼 𝑃𝑃𝐶𝐶𝑀𝑀𝑀𝑀𝑀𝑀⁄  
 
Defined by Ridgetop Group, Inc. 

Figure of merit value when RUL 
or PH within α of actual 

Convergence Convergence of estimates to actual Transition from high-error 
values of RUL to within a 
specified α accuracy 

𝐃𝐃𝐎𝐎𝐄𝐄𝟎𝟎 
 

True EOL Actual time when end of life 
(functional failure) occurs 

EOL 
(𝐃𝐃𝐎𝐎𝐄𝐄𝐁𝐁𝐃𝐃𝐃𝐃𝐃𝐃𝐃𝐃𝐃𝐃𝐃𝐃𝐁𝐁) 
 
 

Estimated end of life Estimated because of  
 Measurement uncertainty, 
 Noise (in FF threshold) 
 Sampling period 

𝐃𝐃𝐎𝐎𝐄𝐄𝐎𝐎𝐃𝐃 Offset error for EOL 
 𝐸𝐸𝐸𝐸𝐸𝐸𝑂𝑂𝑂𝑂 = 𝐸𝐸𝐸𝐸𝐸𝐸𝐷𝐷𝑂𝑂𝐷𝐷𝑂𝑂𝐷𝐷𝐷𝐷𝑂𝑂𝐷𝐷 − 𝐸𝐸𝐸𝐸𝐸𝐸0 

Time between actual end of life 
and detect time of functional 
error  

FF Functional Failure State in which a prognostic 
target no longer operates within 
specifications 

PD Estimated prognostic distance 
 𝑃𝑃𝐶𝐶 = 𝐸𝐸𝐸𝐸𝐸𝐸 − 𝑆𝑆𝑆𝑆 = 𝑅𝑅𝑅𝑅𝐸𝐸  

Estimated time to functional 
failure 

𝐏𝐏𝐁𝐁𝟎𝟎  Maximum prognostic distance 
 𝑃𝑃𝐶𝐶0 = 𝐸𝐸𝐸𝐸𝐸𝐸0 − 𝐶𝐶𝐶𝐶0 

Time between the actual 
beginning of degradation and the 
time when FF occurs 

𝐏𝐏𝐁𝐁∝ Prognostic distance at PH∝ Estimated prognostic distance 
when RUL estimates are within 
α accuracy 

𝐏𝐏𝐁𝐁𝐌𝐌𝐌𝐌𝐌𝐌 Estimated maximum prognostic distance 
 𝑃𝑃𝐶𝐶𝑀𝑀𝑀𝑀𝑀𝑀 = 𝐸𝐸𝐸𝐸𝐸𝐸 − 𝐶𝐶𝐶𝐶 
For relative time (BD = 0) 
 𝑃𝑃𝐶𝐶𝑀𝑀𝑀𝑀𝑀𝑀 = 𝐸𝐸𝐸𝐸𝐸𝐸  

Used in lieu of 𝐏𝐏𝐁𝐁𝟎𝟎 because BD 
and EOL are estimated 

PH Prognostic horizon, 
For relative time (BD = 0) 
 𝑃𝑃𝑃𝑃 = 𝑆𝑆𝑆𝑆 + 𝑅𝑅𝑅𝑅𝐸𝐸 

The estimated time when FF 
occurs 

𝐏𝐏𝐏𝐏𝛂𝛂 All subsequent PH estimates within  
 𝛼𝛼 ≤  
𝑎𝑎𝑎𝑎𝑎𝑎((𝑃𝑃𝐶𝐶𝑀𝑀𝑀𝑀𝑀𝑀 − 𝑃𝑃𝑃𝑃) 𝑃𝑃𝐶𝐶𝑀𝑀𝑀𝑀𝑀𝑀⁄ )100) 

When the percent difference 
between 𝐏𝐏𝐁𝐁𝐌𝐌𝐌𝐌𝐌𝐌 and 𝐏𝐏𝐏𝐏 is 
within α percent  

PITTFF Prognostic Initial Time-to-Functional-
Failure 

A specified value to be used for 
estimated RUL in the absence of 
detected degradation 

RUL Remaining useful life 
 𝑅𝑅𝑅𝑅𝐸𝐸 = 𝐸𝐸𝐸𝐸𝐸𝐸 − 𝑆𝑆𝑆𝑆 

The distance between EOL 
(estimated) and the sample time 

𝐑𝐑𝐑𝐑𝐄𝐄𝛂𝛂 RUL for PHα  The value of RUL when 𝐏𝐏𝐏𝐏𝛂𝛂 is 
achieved 

ST Sample time Time recorded for when the data 
was taken: includes count, 
record, …. 
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Ideal Prognostic Estimates 

Given an initial estimate errors of ± 50% and assuming prediction algorithms that can 
converge to within α in less than 10 data points, Figure 7 illustrates ideal RUL and PH 
estimates and Figure 8 illustrates ideal SoH estimates. 

 
Figure 7. Ideal RUL Estimates with PH5 (Red) Shown. 

 
Figure 8. Ideal SoH Estimates. 

3. EVALUATING PROGNOSTIC ESTIMATES 

Ideal prognostic estimates are highly unlikely in a non-laboratory and/or non-simulation 
experiment in the presence of noise and imprecise measurements. Realistic prognostic 
estimates are noisy and, when first obtained, are unlikely to meet accuracy requirements.  

Important Performance Metrics 

Important performance metrics are the following:  

• Offset errors that reduce the maximum prognostic distance: 𝐁𝐁𝐁𝐁𝐎𝐎𝐃𝐃 𝐃𝐃𝐎𝐎𝐄𝐄𝐎𝐎𝐃𝐃  
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• Errors other than offset errors that result in a failure to meet requirements for a 
minimum prognostic distance: 𝐏𝐏𝐁𝐁𝐌𝐌𝐌𝐌𝐌𝐌. An example is a requirement that the system 
shall meet a 72-day advance notice of failure and the degradation is detected only 
20 days prior to functional failure. 

• Failure to converge fast and accurately enough to meet a-accuracy 
requirements:  χ𝜶𝜶, 𝐏𝐏𝐏𝐏𝛂𝛂, and 𝐑𝐑𝐑𝐑𝐄𝐄𝛂𝛂.   

The following accuracy requirements for our exemplary PHM system are used for 
illustrative purposes: (1) convergence to PH25 with PD ≥  0.𝟓𝟓𝟎𝟎 PDMAX and (2) 
convergence to PH10 with PD ≥ 0.25 PDMAX. 

Primary Contributors: Failure to Meet Requirements 

The following are primary contributors for inaccurate prognostic information: initial RUL 
estimate too large (sometimes too small); offset errors that reduce maximum prognostic 
distance; noise with insufficient data conditioning (filtering and smoothing) and/or 
inadequate noise mitigation (noise margin); and insufficient linearization of data. The 
prediction algorithms in the exemplary PHM system converge to within 25% accuracy for 
the following boundary conditions: (1) at least 150 data points shall be sampled between 
when degradation is first detected and when functional failure occurs; (2) the required 
PDMAX shall be > 100 sample periods. 

Initial Estimate Error. For a specific prognostic target in a CBD-based PHM system, it 
is not possible to know exactly how long it will take for that degradation to worsen to a 
level where functional failure occurs.  

Rather than issue a RUL is unknown in the absence of degradation, a PHM system could 
be designed to include a default value, such as a vendor-specified MTTF value or a value 
based on historical data or field experience: see PITTFF in Figure 7. An initial estimate 
error is probable and the prediction algorithm needs to incorporate methods to 
convergence. 

BD Offset Error. It is not practical to use large sampling rates nor is it possible to filter 
out all noise and environmental drifts in any measurement of any signal. Instead, sampling 
is likely to result in an offset error as illustrated in Figure 9.  

𝐶𝐶𝐶𝐶𝑂𝑂𝑂𝑂 =  𝐶𝐶𝐶𝐶𝐷𝐷𝑂𝑂𝐷𝐷𝑂𝑂𝐷𝐷𝐷𝐷𝑂𝑂𝐷𝐷 − 𝐶𝐶𝐶𝐶0   Offset error   (1) 
If the sampling period is, for example, one hour, the offset error is ~4.6 hours and might 
not be worrisome. But if the sampling period is one week, the offset error is ~4.6 weeks 
and might be considered unacceptable. One method to mitigate such an offset error is to 
use simple extrapolation using the BD-detected and most-previous data points. Letting TS 
represent the sampling period, 

𝐶𝐶𝐶𝐶1 = (𝐶𝐶𝐶𝐶𝐷𝐷𝑂𝑂𝐷𝐷𝑂𝑂𝐷𝐷𝐷𝐷𝑂𝑂𝐷𝐷 − 𝑆𝑆𝑆𝑆 2⁄  ) Adjusted BD time   (2) 
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𝐶𝐶𝐶𝐶𝑂𝑂𝑂𝑂_1 =  𝐶𝐶𝐶𝐶1 − 𝐶𝐶𝐶𝐶0  Period-extrapolated offset error  (3) 

Data Conditioning and Noise. Evaluation of Figure 9 reveals that, even after simple 
extrapolation, there might still be a significant BD-offset error. Rather than attempting to 
design and development a more complex method of further reducing the magnitude of BD-
offset errors, focus on methods to reduce NM: common methods include noise filtering, 
noise cancelation, and data smoothing. Figure 10 illustrates a reduction on offset error due 
to reducing NM. 

EOL Offset Error. Similar to a BD offset error, sampling is likely to cause an EOL offset 
error.  

Implied Accuracy and Precision: Effect on Sampling. Accuracy of prognostic 
information is often couched in the following manner: “The PHM system shall provide a 
failure alert at least 72 hours, ± 1 hour, prior to failure with 10% accuracy.” Not explicitly 
stated are the following: (1) the requirement for a 1-hour precision means the data must be 
sampled at least twice per hour and (2) the requirement for10% accuracy increases the 
minimum sampling rate to 20 times per hour – a sampling period of 3 minutes or less. 

 
Figure 9. Offset Error in Detecting Beginning of Degradation. 

 
Figure 10. Example of Reducing BD-Offset Error by Reducing NM 

Instead of continuously sampling 20 times or more per hour, burst-mode sampling could 
be employed. Referring to Figure 11, initiate data sampling four times per hour (satisfies 
the 1-hour precision requirement); use high-rate burst sampling for 20 times; average the 
burst samples; and return a scalar value (satisfies the 10% accuracy of the estimated time 
of failure).  
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Figure 11. Data Sampling at 1/TS Rate with Burst Mode at 1/TB Rate. 

Insufficient Linearization. The exemplary PHM system is designed to transform noisy 
CBD (Figure 12) into less noisy signature data. The CBD shown in Figure 12 is 
conditioned and transformed to FFS (Figure 13, left) which was processed by the 
prognosing stage to produce the prognostic information shown in Figure 13, right: the red 
colored circles indicate the required accuracy points. See Table 2 for the evaluation results 

 
Figure 12. Experiment-Obtained CBD (Frequency).   

 
Figure 13. Insufficient Linearization (Left) – Insufficient Accuracy (Right) 
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A CBD to FFP to Degradation Progression Signature (DPS) to FFS series of transforms 
produces a more linear FFS (Figure 14, left). Further, the signature is convex rather than 
concave, which reduces the effect of noise at the beginning of the signature. See Table 2 
for the evaluation results.  

 
Figure 14. FFP-DPS-FFS Result (Left) and Prognostic Estimates (Right). 

FFS data can be further linearized by heuristically adapting FFS data to an FFS-based 
model to improve prognostic accuracy (Figure 15).  

 
Figure 15. Heuristically Adjusted FFS (Left) and Prognostic Estimates (Right). 

The heuristic method takes advantage of the FFS characteristic progression of amplitude 
from 0 to 100%, which is amenable to Kalman-like filtering, but instead of adapting a 
model to the data, the data is adapted to the model. Accuracy is significantly improved: (1) 
both the PH25 and PH10 points occur well before requirements, (2) the beginning of 
degradation was detected at ~1000 hours rather than ~1300 hours, and (3) the end of life 
was detected at ~4500 hours rather than ~4200 hours. See Table 2 for comparison of 
evaluation results.   
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Table 2. Accuracy Results of the Examples 
# 

Data Processing Used 

PH25 at  
PD≥0.𝟓𝟓𝟎𝟎 PDMAX 

χ25 ≥ 0.50 

PH10 at 
 PD≥0.25 PDMAX 

χ10 ≥ 0.25 

BD & EOL 
(hours)  

 
1 CBD to FFP 

FFP to FFS 
χ25 ~ 0.37 
Failed to meet 

χ10 ~ 0.17 
Failed to meet 

~1200 & ~4200 

2 CBD to FFP 
FFP to DPS to FFS 

χ25 ~ 0.63 
Met requirements 

χ10 ~ 0.17 
Failed to meet 

~1200 & ~4200 

3 CBD to FFP 
FFP to DPS to FFS 
heuristically adapted 

χ25 ~ 0.94 
Exceeded 
requirements 

χ10 ~ 0.77 
Exceeded 
requirements 

~1000 & ~4500 

4. SUMMARY 

This paper presents a high-level overview of an exemplary, 3-stage PHM system as a 
means for describing inaccuracies in prognostic information and improvement methods. A 
list of performance metrics and other terms, names, and descriptions related to prognostic 
information are tabulated. How those terms are related to prognostic information is 
provided along with the models for the performance metrics. 

Ideal estimates of prognostic information are discussed and is followed by methods for 
evaluating non-ideal estimates. Examples of common errors and methods for improving 
accuracy are described. Included are three examples dealing with accuracy and 
linearization of signatures using the same input CBD. The third example showed how, after 
transforming CBD to FFP to DPS data to FFS data, using heuristic adaption of FFS data 
improves accuracy of the prognostic information from 0.37 to 0.94 convergence for 
estimates within 25% accuracy, and from 0.17 to 0.77 convergence for estimates within 
10% accuracy: compare Figure 13 and Figure 15. 
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