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Abstract

To address the significant deviation of Hidden Markov Models (HMMs) from ac-
tual conditions in equipment health diagnosis, an improved Degradation-based
Hidden Markov Model (DGHMM) centered on power-like relationship accel-
erated degradation is proposed. First, a degradation factor is introduced to
characterize the equipment deterioration process. Compared with conventional
exponential accelerated degradation, the proposed power-like relationship accel-
erated degradation can better describe the gradual performance decline during
equipment service life as service age increases. Second, an improved genetic
algorithm with relatively stronger global search capability is employed for pa-
rameter estimation instead of the conventional EM algorithm, overcoming the
limitation of the EM algorithm’ s tendency to fall into local optima. Mean-
while, to address the limitation that Hidden Markov Models must temporally
follow an exponential distribution and cannot be directly applied to life pre-
diction, a greedy approximation method based on approximation algorithms
and the Viterbi algorithm is proposed. With the objective of seeking maximum
probability remaining observations, this method dynamically searches for the
maximum probability remaining state path to predict equipment remaining use-
ful life (RUL). Finally, the proposed method is validated and evaluated using
the hydraulic pump dataset from Caterpillar Inc. Results demonstrate that the
equipment health diagnosis and remaining useful life prediction method based
on the improved degradation-based Hidden Markov Model is more effective in
characterizing equipment degradation and improving equipment state diagnosis
accuracy, and is also feasible for remaining useful life prediction.
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Preamble

Equipment Health Diagnostics and Prognostics Method Based on Im-
proved Degenerated HMM

Liu Wenyi, Liu Qinmingf, Ye Chunming, Li Guanlin

(Business School, University of Shanghai for Science & Technology, Shanghai
200093, China)

Abstract: To address the significant deviation between conventional Hidden
Markov Models (HMM) and actual equipment health diagnosis, this paper pro-
poses an improved Degenerated Hidden Markov Model (DGHMM) centered
on quasi-power relation accelerated degradation. First, degradation factors are
introduced to describe the equipment deterioration process. The proposed quasi-
power relation accelerated degradation better captures the gradual performance
decline with increasing service age compared to conventional exponential accel-
erated degradation. Second, an improved genetic algorithm with stronger global
search capability replaces the conventional EM algorithm for parameter estima-
tion, overcoming the limitation of EM’ s tendency to fall into local optima.
Meanwhile, to address the limitation that HMM cannot be directly used for
life prediction due to its exponential distribution assumption, a greedy approx-
imation method based on approximation algorithms and the Viterbi algorithm
is proposed. This method dynamically seeks the maximum-probability remain-
ing state path with the objective of maximizing the probability of remaining
observations, thereby predicting equipment residual life. Finally, the proposed
method is validated and evaluated using hydraulic pump datasets from Caterpil-
lar Inc. Results demonstrate that the equipment health diagnosis and remaining
useful life (RUL) prediction method based on the improved degenerated HMM
is more effective in depicting equipment degradation and achieving higher diag-
nostic accuracy, while also proving feasible for RUL prediction.

Keywords: hidden Markov model; equipment degradation; health diagnostics;
residual useful lifetime; genetic algorithm; approximation algorithm

0 Introduction

As a statistical approach, the Hidden Markov Model (HMM) describes the rela-
tionship between a system’ s external manifestations and its latent states from a
probabilistic perspective, capturing both the randomness and underlying struc-
ture of complex systems. This makes it suitable for modeling complex systems
and has achieved success not only in speech recognition and word segmentation
[?, ?] but also in pattern recognition and health diagnostics.

Carey et al. [?] first successfully applied HMM to fault diagnosis by analyzing vi-
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bration signals from mechanical equipment. Wang et al. [?] established a model
incorporating coupled discrete time-varying delays and coupled distributed time-
varying delays, constraining uncertain terms through effective techniques and
validating the method through numerical simulation. Ma et al. [?] elaborated on
the inherent unreasonableness of HMM’ s mandatory exponential distribution
assumption in the time domain, which prevents direct application to remaining
life prediction. Overall, current HMM research remains limited to equipment
health diagnosis due to these inherent constraints.

To overcome HMM limitations, researchers proposed the Hidden Semi-Markov
Model (HSMM). Dong et al. [?] utilized HSMM state sojourn times for equip-
ment health diagnosis and RUL prediction. Liu [?] employed K-means and
cross-validation algorithms to determine power grid degradation stages and used
HSMM for grid diagnosis and life prediction. Additionally, for multi-sensor and
multi-input models, scholars have proposed various methods to integrate sensor
signals, enabling more accurate system state identification and life prediction
[?, ?]. These studies share a common characteristic: HSMM inherently relies
on prior distributions, inevitably introducing a degree of subjectivity.

As research on HMM and HSMM deepened, investigators discovered that
Markov-type models still exhibit significant discrepancies in state identification
compared to reality. To develop models that better reflect actual equipment
conditions, equipment degradation theory emerged. Chen et al. [?] noted
that traditional models assume fixed state transition probabilities, whereas in
reality, equipment deterioration accumulates with operating time, necessitating
changes in state transitions. Peng [?] designed three types of degradation
factors for HSMM, re-deriving algorithms and re-estimating parameters. He et
al. [?] applied these three degradation factors to HSMM, built a piston pump
experimental platform, and validated degradation effectiveness through case
studies. Most existing degradation research focuses on applying degradation to
models with assumed prior distributions, leaving a gap in studies optimizing
the degradation factors themselves.

Maximum likelihood estimation serves as a common parameter estimation
method, seeking parameters that maximize the likelihood of experimental data.
Correspondingly, the EM algorithm is widely used for parameter estimation
due to its relative simplicity and efficiency, yet it suffers from the drawback of
easily falling into local optima. To address this limitation, increasing numbers
of researchers have applied intelligent algorithms to parameter estimation.
Yuan et al. [?] used an improved PSO algorithm to modify the Baum-Welch
algorithm, obtaining more accurate parameters. Yu et al. [?] applied genetic
algorithms to parameter estimation in grey models, with numerical results
showing significantly improved prediction accuracy. Krause et al. [?] employed
a genetic algorithm-based function approximator to estimate induction motor
parameters, achieving better results than alternative methods. Zhang et
al. [?] used artificial immune algorithms to optimize HMM, obtaining the most
distinguishable initial observation matrix. Zhang et al. [?] utilized adaptive
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genetic particle swarm algorithms to optimize coupled HMM (CHMM), yielding
more accurate results than traditional HSMM. As an intelligent optimization
algorithm with strong global search capabilities, genetic algorithms have not
yet been applied to Markov-type models, presenting an area for exploration.

Building upon these issues, this paper first introduces degradation factors to
model equipment deterioration, obtaining a description of the degradation pro-
cess, and proposes a DGHMM centered on quasi-power relation accelerated
degradation. Compared to conventional exponential accelerated degradation,
this more accurately describes the process of equipment performance gradually
accelerating downward with increasing service age. An improved genetic algo-
rithm replaces the conventional EM algorithm for parameter estimation across
the entire model. Additionally, to address HMM’s limitation in direct life predic-
tion, a greedy approximation method based on approximation algorithms and
the Viterbi algorithm is proposed, using changes in state transition probability
matrices during equipment degradation to predict remaining life. Finally, the
model is validated and evaluated using hydraulic pump datasets from Cater-
pillar Inc., with results demonstrating the feasibility and effectiveness of the
proposed method.

1 HMM Model
The HMM formulation can be described as follows:

a) N: Number of states, with the state set denoted as {S;, S5, ..., Sn}. At
any time ¢, the state is s, € {81, 89, ..., Sy}

b) M: Number of observations, with the observation set denoted as
{0,,05,...,0,;}. The observation generated by state s, at time t is

o, €1{01,04,...,0,}.

c) m: Initial state probability distribution, 7 = {m,my,...,Tn}, Where
Zij\il m; = 1. The initial probability vector represents the probability of

the model being in each state at time ¢t = 1.

d) A: State transition matrix. A isan N x N matrix [a;;]yy, Where a; is the
probability of transitioning from state S; to state S}, i.e., a;; = P(S’jtvle |SY).
The assumption that these probabilities remain constant over time limits
HMM'’s practical modeling capability. To address this, time-varying HMM
has been proposed.

Typical equipment degradation patterns can be illustrated in [Figure 1: see orig-
inal paper]. The entire degradation process comprises three stages: A, B, and
C. Stage A represents stable degradation, where equipment performance indices
remain essentially stable. Stage B represents uniform degradation, where per-
formance indices change uniformly. Stage C represents accelerated degradation,
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where performance declines at an accelerating rate as service life progresses, with
health status deteriorating rapidly until reaching complete failure threshold.

In most existing studies, degradation factors for these three stages are typically
defined as constant, linear functions, and exponential functions, respectively.
For the exponential degradation stage, the state transition probability between
adjacent time periods ¢ and ¢ + 1 is generally expressed as ¢,(t) = ¢, - exp(«; -
t), where «; is a parameter to be estimated. Based on Peng’ s definition of
degradation factors [?], equipment accelerated degradation is a recursive process.
For discrete-time state transitions, the state degradation relationship is defined
as f(X) = f(X—1)-¢,(t). After X recursions, the internal transition probability
value is f(X), and the degradation function should satisfy:

f(()) = fend (1)

fX)=2f(X =1+ f(X=2)>0 (2)

Equation (1) represents the internal transition probability at the end of uniform
degradation, i.e., the initial value of recursion. Equation (2) captures the ac-
celeration concept during accelerated degradation: the closer to end-of-life, the
faster the probability of remaining in the current state declines.

For the accelerated degradation relationship definition, based on analysis of
exponential recursive structures, a new quasi-power relation accelerated degra-
dation is proposed:

QL
o) =0y (1-5)  (3)
where «; is a parameter to be estimated from historical data. Since state tran-
sition probabilities must be less than 1 and ¢, equals 1, boundary values must
be subtracted to obtain adapted state transition probabilities.

Comparing exponential and quasi-power relations with appropriate parameters
that satisfy recursive accelerated degradation requirements reveals that under
reasonable parameters, both exhibit similar recursive accelerated degradation ef-
fects, as shown in [Figure 2: see original paper]. Subplots (a) and (b) illustrate
exponential and quasi-power degradation diagrams under reasonable parameters
for the accelerated degradation process, respectively. The thick solid lines repre-
sent continuous function graphs, thick dashed lines represent inverse functions,
and dotted lines represent state transition probabilities during recursion. The
results show functional similarity between the two relations. Subplots (¢) and
(d) depict the degradation processes under current example parameters, with
solid lines representing single-time-point state probabilities and dashed lines
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representing partial degradation processes. The quasi-power relation demon-
strates superior performance in expressing accelerated degradation compared to
the exponential relation.

2.1 Degradation Factor Design

Conventional HMM assumes constant state transition probabilities throughout
the equipment lifecycle. However, equipment operation is an irreversible degra-
dation process without manual intervention—equipment states can only remain
in the current state or degrade to worse states. Therefore, the initial state
transition probability matrix A can be described as:

a1 l—aq 0 w0
a=| ot e
0 0 0 1

Combining the three degradation recursion formulas with the transition prob-
ability matrix yields state transition probability matrices after experiencing ¢
time units in different degradation stages:

a) Stable degradation stage: The probability change of equipment re-
maining in the current state between adjacent time points ¢t and t + 1 is
constant, i.e., ¢;(t) = ¢; and 0 < ¢; < 1. As the probability of remaining
in the current state decreases, the probability of transitioning to other
states increases proportionally. The state transition probability at the
next moment in stable degradation is:

ai = = ay (4)

afV = ey - L (5)

The state transition probability at any time point during stable degradation can
be derived recursively from the initial moment:

ay =ay’ - (1= ¢)" (6)

b) Uniform degradation stage: The probability change between adjacent
time periods ¢ and ¢+ 1 is a linear function of time, i.e., ¢o(t) = ¢, -t and
0 < ¢ < 1. The decreased value is similarly allocated:
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aif = ag) — - t-a) (@)

Defining the time point when stable degradation ends as t,, the state transition
probability at any time point during uniform degradation can be described as:

t
t
ay =ay - T[] =ey-k) (8)
k=t +1
Equation (8) represents the state transition probability matrix after ¢ time units
from initial time to ¢, when the system is in uniform degradation.

¢) Quasi-power accelerated degradation stage: For the proposed quasi-
power accelerated degradation, the probability change of equipment re-
maining in the current state between adjacent time periods is ¢4(t) =
@y - 7% with 0 < ¢ < 1 and a; > 0. The decreased value is allocated to

a;;:

ai = =y gy (9)

Defining the time point when uniform degradation ends as t,,, and letting A,
denote the state transition probability matrix at the end of uniform degradation,
the state transition probability matrix after experiencing ¢ time units in quasi-
power accelerated degradation is:

t

I[I @=¢p-k) (10)

k=t o+1

Due to the special recursive form of the quasi-power relation, we introduce
the recursive relation symbol fy(z), where X represents recursion count and x
represents initial recursion probability value. The state transition probability
at any time point in this accelerated degradation stage is:

=fi, (@) (1)

3 Parameter Estimation Based on Improved Genetic Algo-
rithm

To address the limitation of the EM algorithm’s tendency to fall into local optima
in maximum likelihood estimation, this paper employs a genetic algorithm with
stronger global search capability for DGHMM parameter estimation. The log-
likelihood function is established as:
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L()‘v ¢1? ¢2a ¢37 9) = log(Pr(Oer‘)‘a ¢17 ¢2? ¢3) 9)) (12)

Each parameter set used for iteration calculates a likelihood value serving as
the fitness of an individual solution. The optimal individual in each population
iteration can be represented as arg max log(Pr(Oy.p|A, ¢y, g, ¢35, 60)).

3.1 Improved Encoding

This paper adopts a hybrid encoding strategy. For the transition probability ma-
trix Ay, the matrix is first flattened. Due to the characteristics of transition
probability matrices, only N2 — N values are actually meaningful. Considering
that probability values are less than 1 and mostly multi-digit decimals, decimal
floating-point encoding with three decimal places is used. The flattened transi-
tion probability matrix, after removing zeros and ones, becomes the transition
probability chromosome in a parameter set. The flattened observation probabil-
ity matrix becomes the observation chromosome. The initial state distribution
m is similarly represented using an N-point decimal floating-point encoding chro-
mosome (retaining three decimal places).

For the degradation factor A, considering the model’ s high sensitivity to this
parameter, binary integer encoding with five decimal places is adopted. An
18-bit binary integer chromosome represents the absolute value of A, where the
first bit indicates the integer part and does not participate in binary-decimal
conversion. The remaining 17 bits are scaled down by 10° during decoding,
then added to the first bit value to obtain the decoded parameter. The encoded
chromosomes for each variable are shown in [Figure 3: see original paper].

In the three-parameter encoding, one chromosome locus represents one probabil-
ity value in the matrix, with each locus comprising four parts. The gray portion
represents the integer part of a matrix value, while white portions represent the
tenths, hundredths, and thousandths digits. Throughout the improved genetic
algorithm process, parameters within a single parameter set always participate
in calculations simultaneously, with one parameter set representing a complete
solution.

3.2 Improved Crossover

Corresponding to the improved hybrid encoding strategy, crossover and muta-
tion operations are also enhanced. Two different crossover methods are designed
for the three parameters with similar encoding schemes.

Crossover Method 1 exchanges the thousands/hundreds and tens/integer
digits at the same locus between two random chromosomes, followed by adaptive
normalization of the resulting new chromosomes.

Crossover Method 2 exchanges entire segments between two random chro-
mosomes at the same locus, followed by adaptive normalization.
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Since chromosomes are flattened matrix products and matrix row sums equal 1,
adaptive normalization must satisfy certain constraints. The specific adaptive
normalization rules are shown in , with chromosome loci counted from 1.

TABLE:1 Adaptive Normalization Rule

Chromosome Category Locus Range Normalization Constraint
Transition chromosome l1to N Z;vzl a;; =1
(N x N)

N
N+1to2N—-1 Z],]\?Qaijzl—ai1
(N—DM+1 S b, =1
to NM
Initial chromosome () 1to N Zf\il m =1

Mutation operations for the three parameters and crossover/mutation for degra-
dation factors follow conventional GA algorithms, with post-mutation normal-
ization also adhering to rules.

The improved crossover operations, utilizing two different methods selected ran-
domly, significantly increase population diversity, enhance global search capa-
bility, and preserve operator precision to some extent, facilitating the generation
of globally optimal parameters.

After algorithm completion, the parameter set maximizing the likelihood func-
tion represents the optimal HMM parameter estimates under historical data
conditions.

4.1 Greedy Approximation Method

For conventional HMM prediction problems, approximation algorithms and
Viterbi algorithms are commonly used. Current research typically employs the
latter to calculate the most probable state sequence given HMM parameters
and observation sequences. However, in practical RUL prediction applications,
equipment is still in service, meaning complete observation sequences from initial
operation to failure are unavailable. Researchers typically substitute historical
data from similar equipment to build models, input observation sequences up to
a certain service time point, predict hidden states, and determine RUL through
age-time distributions. This conflicts with HMM’ s exponential distribution
limitation, and inherent equipment differences plus state randomness reduce
prediction adaptability.

Therefore, this paper proposes a novel remaining state prediction method (here-
after called greedy approximation method) based on approximation and Viterbi
algorithms.
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The greedy approximation method applies the state-seeking concept of approx-
imation algorithms to finding remaining observations. Given HMM parameters
0, it seeks the most likely observation value at the next moment.

Define the probability of generating observation 6, , at time ¢ 4+ 1 given obser-
vation ), at time t as P(o,, = 0,,1]0, = 0,). The mathematical description
is:

N N
P(oy14]0) ZZZ% 0;) ](Ot+1) (13)

1=1 j=

where a’éj is the state transition probability at time ¢, which follows the three-
stage degradation described above. Substituting different ¢ values calculates the
probability of transitioning from observation o, at time ¢ to observation o, ; at
time ¢ + 1, yielding the indirect observation transition probability matrix V, , ;.

Since the state transition matrix degrades gradually over monitoring time points,
V, 41 also changes over time. For a given observation point o;, the most probable
observation at the next time point is:

PMa* = max V Ly ] 14
t+1 1§jiM t7t+1(laj) ( )
The optimal next observation is:
= max V by J 15
Opy1 = arg 1§j2M t,t+1<Z J) (15)

The observation sequence then comprises the first ¢ actual observations and one
predicted observation: O, ., = {01,05,...,0;,0;, 1}

Detailed remaining state prediction steps:

a) Input O,y into the Viterbi algorithm to obtain the maximum probability
state path Roads” and record the final state value s*.

b) Use the approximation method to find the most likely next observation
07,1, append it to O,y to form O

new*

¢) Input O,,,, into the Viterbi algorithm to obtain the new maximum prob-
ability state path Roads™ and record the final state value s**

d) Compare s* and s™. If s* # s**, repeat steps b)-d); if s* = s**, proceed
to step e).

e) The difference between the initial O, ;4 and final O, yields the predicted
remaining observations. The state transition probability matrix at this
point can be derived from the degradation factors and initial state transi-
tion probability matrix, enabling equipment RUL prediction.
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4.2 Equipment Remaining Useful Life Prediction

For the maximum remaining state path Roads” obtained in Section 4.1, assum-
ing current equipment is in state ¢, find the last time node ¢, in state ¢ within
Roads”. The RUL is calculated as:

last
D; - ay

RUL=Y ——> (16)

= Qi T Ay

where D; is the historical lifetime of equipment in state j, a;; is the probability
of transitioning from state ¢ to itself at the last node of current state i, and a;
is the probability of transitioning from state ¢ to state j at the last node. The
total remaining life equals the sum of the remaining lifetime in the current state
and lifetimes of all subsequent states.

5 Case Study

The proposed model and method are validated and evaluated through equip-
ment health diagnosis and RUL prediction of hydraulic pumps from Caterpil-
lar Inc. Vibration signals were collected by hydraulic accelerometers installed
parallel to the pump’ s rotating shaft. In the application, hydraulic pumps
were contaminated with 20mg, 40mg, 60mg, and 80mg of fine dust, with vi-
bration signal samples of approximately 1 minute collected every 10 minutes.
Using 10db wavelets, vibration signals were decomposed into five levels, with
dimensionality-reduced wavelet coeflicients serving as input feature sequence
vectors for DGHMM. The entire experimental analysis platform is Python 3
running on Windows 10.

5.1 DGHMM Data Preparation

Vibration signal monitoring data from 36 sensors are used for hydraulic pump
health state diagnosis and RUL prediction. Partial wavelet-transformed data
(Pump6) are shown in .

TABLE:2 Partial Wavelet Transform Data of Pump6

Featurel Feature2 -+ FeatureM
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5.2 Experimental Parameter Estimation

The improved genetic algorithm simultaneously estimates parameters for both
DGHMM and time-varying HMM. and show the initial and failure-critical state
transition probability matrices for Pump6, respectively. The algorithm uses
a population size of 30, crossover probability of 0.7, and mutation probability
of 0.3. Considering potentially large magnitude differences in likelihood values
across parameter sets, population size is reduced and iteration count increased
to enhance selection pressure, while increased mutation probability ensures pop-
ulation diversity per generation.

TABLE:3 Initial State Transition Matrix of Pump6

state baseline contl cont2 cont3

baseline
contl
cont2
cont3

TABLE:4 Failure Critical State Transition Matrix of Pump6

state baseline contl cont2 cont3

baseline
contl
cont2
cont3

The likelihood iteration curves for DGHMM and time-varying HMM throughout
the improved GA process are shown in [Figure 6: see original paper| (Pump6).
Parameter estimation results show that the likelihood of experimental data un-
der DGHMM’ s superior parameter set exceeds that under time-varying HMM’ s
superior parameter set, reflecting DGHMM’ s better ability to depict experimen-
tal data compared to conventional exponential accelerated degradation time-
varying HMM.

5.3 Health State Diagnosis

Experimental data from Pump6 and Pump82 are vectorized and input into
HMM, time-varying HMM, and DGHMM models. The Viterbi algorithm is
applied to obtain the maximum probability state paths under respective exper-
imental observations and optimal parameter sets for validation. Results are
shown in , with maximum probability state path values for different models
presented in .

TABLE:5 Health States Identification Results of Pump6 and Pump82
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Model Pump6 Accuracy Pump82 Accuracy
Time-varying HMM  86% 73%
DGHMM 100% 100%

TABLE:6 Path Probabilities of Pump6 and Pump82 Under Each Model

Pump Time-varying HMM DGHMM

Pump6  7.32E-11 5.39E-13
Pump82 8.16E-11 1.03E-13

5.4 Remaining Useful Life Prediction

Using the proposed greedy approximation algorithm and conventional Viterbi
algorithm-based RUL prediction method, the RUL of Pump6 and Pump82 un-
der DGHMM is dynamically obtained, with results shown in [Figure 7: see
original paper]. Prediction errors remain within reasonable ranges relative to
actual RUL. When equipment reaches failure state cont3, operation stops, degra-
dation ceases, and the model successfully identifies and determines RUL as 0.
Although predictions exhibit some “retention phenomenon” at state transitions
between Baseline and contl, overall, the greedy approximation method based
on DGHMM effectively and feasibly predicts RUL for Pump6 and Pump82.

6 Conclusion

This paper proposes an equipment health diagnosis and RUL prediction method
centered on a novel accelerated degradation model. The quasi-power relation
is more conservative and stable than exponential relations as a degradation fac-
tor, better describing the gradual accelerated degradation process with increas-
ing service age and enabling more precise state identification. The improved
genetic algorithm-based parameter estimation achieves relatively good results.
The proposed greedy approximation method partially breaks the conventional
HMM constraint of exponential time distribution, enabling approximate RUL
prediction. Consequently, the equipment health diagnosis and RUL prediction
method based on improved degenerated HMM proves more effective in depict-
ing equipment degradation and diagnostic accuracy, while remaining feasible
for RUL prediction.

This paper only applied the quasi-power relation to HMM and validated the
results. Future work should extend it to HSMM for further verification. To en-
sure optimization effectiveness, the improved genetic algorithm requires many
iterations with high time complexity, which should be addressed in future im-
provements. Additionally, infinite loops during greedy approximation execution
should be handled by setting appropriate iteration limits.
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