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Abstract
The multi-stress accelerated degradation test (ADT) scheme has recently garnered extensive
attention owing to its effective acceleration parameters and strong alignment with engineering
practice. Under this scheme, engineering products in practice typically need to traverse multiple
task profiles, whereby they are subjected to alternating effects of multi-stresses. However, most
studies overlook this feature and instead assume that multiple stresses are applied
simultaneously, resulting in the associated test schemes failing to truly reflect the actual product
degradation performance. To address this limitation, this study targets optimizing the cyclic
combined stress ADT (CCSADT) scheme design. Specifically, a CCS ADM based on
cumulative damage theory is initially proposed, applying which the product degradation process
under the alternating action of multi-stresses can be captured effectively. Subsequently, the
optimization objective of the CCSADT, considering minimization of the variance in model
parameter estimation, is constructed on the basis of the D-optimality criterion. An optimization
design model with the constraints of test time and test cost is then developed to obtain the
optimal configuration for the number of cycles, stress level, and time for each cycle. Finally, the
superiority of the proposed method over prior approaches is illustrated using a numerical
example of an electrical connector.

Keywords: accelerated degradation test, cyclic combined stress, cumulative damage theory,
D-optimality criterion

1. Introduction

With the continuous advancement of modern industrial
products to achieve high reliability and long lifespans, con-
ventional life tests have become less effective in meeting
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the rapid reliability assessment demands for products owing
to the significant time and costs involved. Therefore, to
address this predicament and derive product lifetimes within
shorter periods of time, accelerated tests have been widely
applied, as part of which the failure process is accelerated
by increasing the stress levels that a product is exposed
to [1]. However, for complex and particularly safety-critical
products, collecting failure time data is often impractical
owing to economic and safety considerations. This chal-
lenge has prompted researchers to utilize product degrada-
tion signals to reflect the health status of products, result-
ing in the development of the accelerated degradation test
(ADT).
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ADTs primarily comprise the AD model (ADM) and the
test optimization criterion. The ADM, in turn, contains the
accelerated and degradation models, and the construction
of the accelerated model serves as the core link connect-
ing the stress conditions with the product life characteristic.
Commonly employed single-stress acceleratedmodels include
the Arrhenius model and inverse power-law model, whereas
commonly employed degradation models include stochastic
process models such as the Wiener process model [2], gamma
process model [3], and inverse Gaussian process model [4],
as well as general trajectory models such as the mixed effect
model [5]. In this context, Zheng et al [6] considered the het-
erogeneity of the units and used nonlinear acceleration mod-
els and inverse Gaussian processes to depict the accelerated
aging data. Similarly, Kang et al [7] estimated the remain-
ing useful life of bipolar junction transistors by applying the
Arrhenius model and gamma process and also processing the
test data obtained from the ADT conducted at different tem-
peratures. Chio et al [8] fitted a biexponential model based
on the Arrhenius model to the degradation data and combined
it with a mixed-effects modeling method to predict the long-
term durability of proton exchange membrane fuel cell stacks
under normal operating conditions. In another study, Li et al
[9] developed a random effect model by combining the lin-
ear model with the Wiener process and verified the superiority
of this model through the case study of cables. However, des-
pite their advantages, all the aforementioned models require a
clear, formal assumption. By contrast, the proportional haz-
ards model (PHM) does not require the life or degradation
quantity to follow a specific distribution; instead, it assumes
that the stress variable affects the risk function in an expo-
nential form. Such a semi-parametric structure enhances the
robustness of the model. In a related study, Hu and Chen [10]
proposed aWeibull PHM that jointly incorporates degradation
data and lifetime data and derived a closed-form expression for
the remaining useful life distribution to support the optimiza-
tion of predictive maintenance strategies. Gao et al [11] also
employed the PHM to jointly incorporate degradation data and
failure time data and proposed an adaptive method for remain-
ing useful life prediction.

With the diversification of modern product operating envir-
onments, a single stress is often insufficient to describe real
degradationmechanisms, and research onADMs has extended
from single-stress models to multi-stress models. Commonly
applied multi-stress accelerated models mainly include the
Peck model and generalized Eyring model. In this regard,
Huang et al [12] proposed a degradation testing model based
on the Wiener process under multiple stresses by linking the
drift coefficient to the stress factor through a logarithmic
linear relationship. Similarly, Jiang et al [13] utilized the
Wiener process to fit the degradation trajectory of electrical
connector performance and combined it with the generalized
Eyring model to evaluate the average lifespan of electrical
connectors. Li et al [14] linked the generalized Eying model
with the drift coefficient of the Wiener process and estim-
ated the unknown parameters in the model using the max-
imum likelihood estimation-simulated annealing optimization

search algorithm. Likewise, Liu et al [15] established a
random-effect Wiener degradation model, considering tem-
perature and humidity as the accelerating stresses and resid-
ual working current as the degradation characteristic, and
combined it with the Peck model to calculate service life.
Additionally, considerable research advancements have also
been achieved in the PHM-based multi-stress ADT. For
example, Zheng et al [16] proposed a novel PHM frame-
work that incorporates both degradation trends and environ-
mental factors as covariates and derived a closed-form reli-
ability expression using a first-order Taylor approximation.
Moreover, Monsour et al [17] studied two semi-parametric
models, namely, the modified proportional hazard rate model
and modified proportional reversed hazard rate model; by
assuming that the external parameters of the candidate mod-
els were generally different, they determined several relative
ranking attributes of both the investigated models.

Besides, the optimal design of ADT highly depends on
the test optimization criterion. Commonly used test design
optimality criterions include A-optimality, D-optimality, and
V-optimality. Among these, the D-optimality criterion seeks to
minimize the generalized variance of parameter estimates by
maximizing the determinant of the Fisher information matrix,
thereby achieving the highest overall information efficiency
and the greatest precision in joint parameter estimation among
the three criteria. Consequently, it has been widely adopted
in the optimal design of various ADTs. For instance, Yan
et al [18] modeled degradation using the Tweedie exponen-
tial dispersion process and proposed a step-stress ADT scheme
optimized under the D-optimality criterion. Subsequently,
they developed an optimal constant-stress ADT plan based on
the same criterion, with stress levels constrained between pre-
scribed minimum and maximum values [19]. Zhi [20] focused
on the Wiener process with random initial value and conduc-
ted optimization design on ADTs under both single stress and
multiple stress conditions based on the D-optimality criterion.
Based on the Wiener degradation process as well, Li et al
[21] proposed a constant stress accelerated degradation model
incorporating multiple stress couplings and employed the D-
optimality criterion to minimize the variance of parameter
estimates. Jin et al [22] considered multiple performance
degradation characteristics, modeled them using the Wiener
process and Copula function, and proposed a multivariate
ADToptimizationmethod based on theD-optimality criterion.

Notably, the aforementioned studies primarily consider
the simultaneous effects of multiple stresses on the product.
However, for products that need to perform multi-stage tasks,
the working condition stresses change with variations in the
tasks. In the case of electrical connectors, which are critical
components required for realizing the electrical connection
of weapons and equipment, the key failure mode is contact
failure due to excessive contact resistance. In practice, these
weapons and equipment repeatedly switch between inventory
and combat-readiness-duty statuses as required, during which
electrical connectors repeatedly traverse the task profiles of
storage, transportation, and testing. When the electrical con-
nector is subjected to the storage profile, its metal surface
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undergoes an oxidation reaction to form an interfacial film,
leading to an increase in contact resistance; in this case, the
main sensitive stress is temperature. When subjected to the
transportation profile, the connector experiences fretting wear
between its contact components. This wear degrades the pro-
tective coating and exposes the underlying copper substrate to
air. Copper rapidly forms a native oxide film upon exposure,
leading to an instantaneous increase in contact resistance when
the contact points engage within this oxidized region [23].
Simultaneously, fretting wear can remove pre-existing oxide
films formed during prior storage and testing profiles, thereby
re-exposing the base material to air and initiating new oxida-
tion reactions under subsequent storage or testing profiles [24].
Consequently, both the interfacial oxide film thickness and the
contact resistance increase, and the primary sensitive stress
within this profile is attributed to vibration. Finally, when the
connector is subjected to the testing profile, the application of
electrical stress causes the temperature of the contact piece to
rise owing to the existence of contact resistance, thereby accel-
erating the rates of both surface oxidation and increase in con-
tact resistance; in this case, the primary sensitive stress within
this profile is attributed to electrical stress. Therefore, in this
manner, the multitask profile exposes electrical connectors to
different sensitive stresses under various task phases, and the
alternating cycles of these multiple stresses further accelerate
the degradation rate. Consequently, to truly reflect the product
degradation process under different sensitive stresses and at
different task stages, arriving at combined stress (CS) ADT
optimization designs is required.

To the best of our knowledge, optimization design for
CSADTs has only been explored by Li [25] and Xia [26].
Li experimentally implemented a specific type of active
frequency-selective surface absorber under the CSs of temper-
ature and vibration through a stepwise stress-ADT and con-
structed an artificial neural network-based Wiener process for
reliability evaluation. By contrast, Xia developed a CS test-
ing scheme for electrical connectors that considers the effects
of vibration and temperature as well as insertion and extrac-
tion stresses to assess the storage reliability of these con-
nectors. However, these researchers have only focused on the
aging laws under simple sequential stress. In these tests, upon
determining the types of sensitive stresses under each profile,
the entire procedure is carried out by sequentially performing
a single ADT at each type of stress condition with a certain
stress level and duration time. Consequently, the alternating
cyclic effect ofmultiple stresses is neglected, which results in a
significant deviation between the product degradation process
under the designed test scheme and the actual failure process.

To address this gap, this study investigates an optimization
design for the cyclic CSADT (CCSADT) by considering the
differences in sensitive stress at different task stages and the
alternating cyclic effect of multiple stresses on the degradation
process. The flowchart of the proposed method is illustrated
in figure 1. First, to capture product degradation performance
under the CCSADT, a generalized ADM is established based
on the PHM. Subsequently, leveraging the cumulative damage
theory, a general expression for the reliability function under

Figure 1. The flowchart of the proposed method.

the CCS profile is derived. Finally, an optimization objective
of maximizing the accuracy of parameter estimation is formu-
lated using the D-optimality criterion, and a CCSADT optim-
ization design model is then constructed to obtain the optimal
CS levels and test time under each cycle. The key contributions
of the study are summarized below.

(1) On the basis of the cumulative damage theorem, a gen-
eralized ADM combined with the PHM is constructed,
which characterizes the profile-dependent differences in
sensitive stress and alternating cyclic effect of multiple
stresses, to accurately evaluate product reliability at any
cycle and under any profile.

(2) For the first time, an optimization design model for the
CCSADT is proposed on the basis of the D-optimality
criterion, applying which the optimal CS levels and
test time under each cycle are determined to acquire
experimental data that better align with practical product
degradation processes.

The remainder of this paper is organized as follows.
Section 2 introduces the CCS profile and construction of
a PHM-based reliability model. In section 3, the develop-
ment of the optimization objective on the basis of the D-
optimality criterion is described, along with an account of the
optimization design model to obtain the CCSADT scheme.
Section 4 provides details on the model implementation and
effectiveness through a numerical study. Finally, section 5
provides concluding remarks and possible directions for future
research.
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2. CCS description and reliability model
construction

In this section, the CCS profile description and failure defin-
ition of the product are first provided; subsequently, the pro-
cedure for establishing the reliability model of the product is
described for the defined CCS profile, according to the PHM
and cumulative damage theory.

2.1. CCS profile description

As described in section 1, the product in practical engineer-
ing is employed to experience a CCS profile, the process for
which is expressed in figure 2. Specifically, in the CCS pro-
file, each cycle consists of several profiles, and the product
traverses these profiles in sequence. A detailed description of
the CSS profile and failure definition of the products follows.

(1) Each profile is associated with a primary sensitive stress.
(2) There exist m cycles in the full life cycle of the products,

and each cycle consists of n profiles. The stress level in the
ith cycle and under the j th profile is denoted as zi,j, where
i = 1,2, · · · ,m, j = 1,2, · · · ,n.

(3) The time proportion of each profile within a single cycle is
constant, and the proportional value of the ith profile can
be denoted as rj. Additionally, the test time of the ith cycle
is denoted as τi.

(4) Different types of stresses affect the degradation perform-
ance of the products primarily in two ways: the first is on
the degradation rate (e.g. the high temperature and humid-
ity accelerate the product degradation process [27]), and
the second is on the degradation level (e.g. as mentioned
in the introduction, the vibration causes an instantaneous
increase in contact resistance). Particularly, if the stress has
the second kind of effect under the qth (1< q≤ n) profile,
the instantaneous damage is proportional to the stress level
with a correlation coefficient K.

(5) N samples are employed for testing, and the degradation
level of the samples is tested simultaneously at the end
of each profile. Therefore, the degradation level of the
cth sample at the end of the jth profile in the ith cycle is
denoted as Xi,j,c.

(6) Let x0 denote the initial degradation level of the product
for the case wherein the degradation path monotonically
decreases, and failure occurs when the degradation level
drops below the failure threshold D. Additionally, the fail-
ure mechanism of the product during the test remains
unchanged.

2.2. Construction of ADM based on PHM

Given that the PHM does not require the prior assumption of a
degradation path, it possesses wide applicability. Therefore,
the PHM is adopted here to construct the ADM, which is
expressed as:

h(xt; t,z) = h0 (xt; t)exp(βz) (1)

Figure 2. Schematic of CCS profile.

where h(xt; t,z) represents the failure rate at a degradation level
of xt, time t, and under stress z; h0(xt; t) represents the basic
failure rate at time t, and β is the influence coefficient of
stress z.

According to Cai et al [28], the baseline degradation risk
function can be divided into two separable functions of time
and degradation, i.e.:

h0 (xt; t) = p0 (xt)u0 (t) (2)

where p0(xt) is a positive function of the degradation level xt,
and u0(t) is a function of time t. According to Eghbali and
Elsayed [29], when the degradation path decreases monoton-
ically, p0(xt) should satisfy:

∞̂

0

p0 (y)dy=∞ (3)

and u0(t) should satisfy:

lim
t→0

u0 (t) = 0. (4)

Therefore, the expression presented by Wang and Coit [30]
is used to model these two functions, which can be written as:

p0 (xt) = axa−1
t ,u0 (t) = t. (5)

Consequently, equation (1) can be rewritten as:

h(xt; t,z) = axa−1
t texp(βz) . (6)

2.3. Reliability function construction under CCS

If the degradation level of the product measured at time t is
xt = l, let TD represent the time required for the product to
degrade from the initial degradation level x0 to D. Therefore,
the reliability of the product at time t, given the condition of
xt = l, can be calculated as

R(t|xt = l) = P(TD > t|xt = l) . (7)

Notably, P(TD > t |xt = l ) = 0 when l< D, as the
product fails once the degradation level is less than D, and
P(TD > t |xt = l ) = 1 when l> D. Subsequently, let f(xt; t,z)
represent the probability density function of the degradation
level at time t under stress z. According to the failure rate
provided in equation (6), we can deduce that:

f(l; t,z) = exp

[
−
ˆ x0

xt

h(l; t,z)dl

]
. (8)
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Consequently, the reliability function of the product at time
t can be obtained on the basis of the total probability formula
as

R(t) =
ˆ x0

0
P(TD > t |xt = l ) f(l; t,z)dl

=

ˆ D

0
P(TD > t |xt = l ) f(l; t,z)dl

+

ˆ x0

D
P(TD > t |xt = l ) f(l; t,z)dl

=

ˆ x0

D
f(l; t,z)dl= P(l> D)

= exp

[
−
ˆ x0

D
h(l; t,z)dl

]
. (9)

In particular, the reliability during the first profile at the first
cycle can be obtained according to equation (9) as

R1,1 (t) = exp

[
−
ˆ x0

D
ala−1texp(β1z1,1)dl

]
= exp [−(xa0 −Da) texp(β1z1,1)] . (10)

During the qth profile in the first cycle, i.e., when the stress
simultaneously affects the degradation rate and degradation
level, the reliability can be expressed as

R1,q (t− tq−1 + sq−1) =

ˆ x0

D+Kzq

[p0 (l)q0 (t− tq−1 + sq−1)

· exp(βqz1,q)]dl
= exp

[
−
(
xa0 − (D+Kz1,q)

a)
· (t− tq−1 + sq−1)exp(βqz1,q)]

(11)

where sq−1 represents the equivalent starting time under stress
level z1,q at the first cycle, which is the equivalent time for con-
verting the damage undergone in previous stages to the current
stress level. According to the cumulative damage theory [31],
the reliability of the product at the end of the (q− 1) th profile
should be equal to that at the beginning of the qth profile, i.e.:

R1,(q−1) (tq−1 − tq−2 + sq−2,z1,q−1) = R1,q (sq−1,z1,q) . (12)

Hence, on the basis of equations (10) and (11), the detailed
expression of sq−1 can be obtained as

sq−1 =
(tq−1 − tq−2 + sq−2)exp(βq−1z1,q−1)

exp(βqz1,q)
. (13)

Moreover, for the second cycle, the reliability during the
first profile can be expressed as:

R2,1 (t− tn + sn) = exp
[
−
ˆ x0

D
ala−1 (t− tn + sn)exp

(
β1z2,1

)
dl
]

= exp
[
−(xa0 −Da)(t− tn + sn)exp

(
β1z2,1

)]
(14)

where

sn =
(tn− tn−1 + sn−1)exp(βnz1,n)

exp(β1z2,1)
. (15)

Consequently, on the basis of equations (6) and (9), the reli-
ability function for the ith profile in the jth cycle can be gen-
eralized as

Ri,j = exp
[
−Qi,j ·

(
τi · rj+ s(i−1)n+j−1

)
· exp(βjzi,j)

]
(16)

where Qi,j = xa0 −Da when the stress affects only the degrad-
ation rate, Qi,j = xa0 − (D+Kzi,j)

a when the stress simultan-
eously affects the degradation rate and degradation level, and

s(i−1)n+j−1 =
i∑

g=1

(g−1)n+j−1∑
e=1

τg · re−(g−1)n

× exp
(
βe−(g−1)nzg,(e−(i−1)n)−βjzi,j

)
. (17)

3. Optimal design for CCSADT based on the
D-optimality criterion

This section first describes the construction of the Fisher
information matrix according to the likelihood function of the
PHM parameters as per the aforementioned reliability func-
tion. Subsequently, the construction of the optimization model
based on the D-optimality criterion is described to obtain the
optimal CCS test scheme.

3.1. Optimization objective construction based on the
D-optimality criterion

As the purpose of conducting the ADT is typically to improve
the precision of the parameter estimators, the D-optimality
design is applied herein to arrive at the CCSADT design. The
D-optimality criterion is one of the most commonly employed
in test design and parameter estimation, and its core objective
is to enhance the stability and accuracy of parameter estim-
ation in the ADM. According to Ma and Meeker [31], the
asymptotic variance-covariance matrix of estimators of the
ADM is always associated with the inverse of the Fisher
information matrix, i.e.:

cov

(
∧
δ

)
=

σ2

N
F−1 (18)

where F represents the Fisher information matrix,
∧
δ represents

the estimator vector of unknown parameters in the accelerated
degradation model, σ2 represents the variance of the random
error, and N represents the number of samples.

Therefore, the D-optimality criterion is applied tominimize

the determinant of the covariance matrix of
∧
δ, or, equivalently,

to maximize the determinant of the Fisher information matrix,
thereby guaranteeing that the precision of parameter estim-
ation is maximized. The definition of an information matrix
is the expectation of the second derivative of a negative log-
likelihood function with respect to the parameters, as shown
in equation (19). Thus, the first step is to obtain the likelihood
function.

F= E

[
− ∂2lnL
∂δ∂δT

]
. (19)
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If the degradation level of N samples measured during the
test is {Xi,j,c; i = 1,2, · · · ,m, j = 1,2, · · · ,n,c= 1,2, · · · ,N},
the probability of the measurement Xi,j,c according to
equations (6) and (16) can be calculated as:

f(Xi,j,c; t,z) = h(Xi,j,c; t,z)R(t)

= aXa−1
i,j,c texp(βjzi,j)exp

[
−Qi,j·exp(βjzi,j)

×

(
τi · rj+

i∑
g=1

(g−1)n+j−1∑
e=1

τg · re−(g−1)n

× exp(βe−(g−1)nzg,(e−(i−1)n) −βjzi,j)

)]
.

(20)

Therefore, by integrating the probabilities of all the degrad-
ation measurements, the log-likelihood function of the PHM

parameters can be obtained as:

lnL=
m∑
i=1

n∑
j=1

N∑
c=1

[
lna+(a− 1) lnXi,j,c+ ln t+βjzi,j

−Qi,j · exp(βjzi,j) ·

(
τi · rj+

i∑
g=1

(g−1)n+j−1∑
e=1

× τgre−(g−1)n exp
(
βe−(g−1)nzg,(e−(g−1)n) −βjzi,j

))]
.

(21)

Finally, if the negative expectation for the second-order
partial derivative of the log-likelihood function is con-
sidered with respect to the unknown parameters of the
PHM, the Fisher information matrix can be obtained as:

F=



E
(
−∂2 lnL

∂β2
1

)
· · · E

(
− ∂2 lnL

∂β1∂βq

)
· · · E

(
− ∂2 lnL

∂β1∂βn

)
E
(
− ∂2 lnL

∂β1∂a

)
E
(
− ∂2 lnL

∂β1∂K

)
. . .

...
...

...
...

...

E
(
−∂2 lnL

∂β2
q

)
E
(
− ∂2 lnL

∂βq∂βn

)
E
(
− ∂2 lnL

∂βq∂a

)
E
(
− ∂2 lnL

∂βq∂K

)
. . .

...
...

...

E
(
−∂2 lnL

∂β2
n

)
E
(
− ∂2 lnL

∂βn∂a

)
E
(
− ∂2 lnL

∂βn∂K

)
Symmetric E

(
−∂2 lnL

∂a2

)
E
(
−∂2 lnL

∂a∂K

)
E
(
−∂2 lnL

∂K2

)


(22)

where

E

(
−∂2 lnL

∂βj
2

)
=

m∑
i=1

n∑
j=1

N∑
c=1

[ˆ x0

D
(Xi,j,c−D)aλdXi,j,c ·

[(
zi,j

2τi · rj·exp(βjzi,j)+
m−1∑
i=1

zi,j
2τi · rj exp(βjzi,j)

)]

E

(
−∂2 lnL

∂βq
2

)
=

m∑
i=1

N∑
c=1

[ˆ x0

D+Kzi,q

(Xi,q,c− (D+Kzi,q))
a
ξ dXi,q,c ·

(
zi,q

2τirq exp(βqzi,q)+
m−1∑
i=1

zi,q
2τi · rq exp(βqzi,q)

)]

E

(
−∂2 lnL

∂a2

)
=

m∑
i=1

n∑
j=1

N∑
c=1

[
1
a2

+ θi,j

ˆ x0

D
(Xi,j,c−D)a · (ln(Xi,j,c−D))2λdXi,j,c

]

E

(
−∂2 lnL

∂K2

)
=

m∑
i=1

N∑
c=1

[
zi,q

2 (a− 1)
ˆ x0

D+Kzi,q

(Xi,q,c− (D+Kzi,q))
−2 · ξ dXi,q,c+ zi,q

2a(a− 1)θi,q

·
ˆ x0

D+Kzi,q

(Xi,q,c− (D+Kzi,q))
a−2

ξ dXi,q,c

]

E

(
−∂2 lnL
∂βj∂a

)
=

m∑
i=1

n∑
j=1

N∑
c=1

[ˆ x0

D
(Xi,j,c−D)a ln(Xi,j,c−D)λdXi,j,c

(
zi,jτi · rj exp(βjzi,j)+

m−1∑
i=1

zi,jτi · rj exp(βjzi,j)

)]

6
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E

(
− ∂2 lnL
∂βq∂a

)
=

m∑
i=1

N∑
c=1

[ˆ x0

D+Kzi,q

(Xi,q,c− (D+Kzi,q))
a · ξ ln(Xi,q,c− (D+Kzi,q))dXi,q,c (zi,qτi · rq

· exp(βqzi,q)+
m−1∑
i=1

zi,qτi · rq exp(βqzi,q)

)]

E

(
− ∂2 lnL
∂βq∂K

)
=

m∑
i=1

N∑
c=1

[
azi,q

ˆ x0

D+Kzi,q

(Xi,q,c− (D+Kzi,q))
a−1 · ξ dXi,q,c (zi,qτirq exp(βqzi,q)

+
m−1∑
i=1

zi,qτirj exp(βqzi,q)

]

E

(
−∂2 lnL
∂a∂K

)
=−

m∑
i=1

N∑
c=1

zi,qθi,q

[
a
ˆ x0

D+Kzi,q

(Xi,q,c− (D+Kzi,q))
a−1 · ξ ln(Xi,q,c− (D+Kzi,q))dXi,q,c

+

ˆ x0

D+Kzi,q

(Xi,q,c− (D+Kzi,q))
a−1ξ dXi,q,c

]

and

θi,j =

[
τi · rj exp(βjzi,j)+

i∑
g=1

(g−1)n+j−1∑
e=1

τg · re−(g−1)n

× exp
(
βe−(g−1)nzg,(e−(g−1)n)

)]

θi,q =

[
τi · rq exp(βqzi,q)+

i∑
g=1

(g−1)n+q−1∑
e=1

τg · re−(g−1)n

× exp
(
βe−(g−1)nzg,(e−(g−1)n)

)]

λ= aXa−1
i,j,c θi,j · exp

[
−(Xi,j,c−D)aθi,j

]
ξ = aXa−1

i,q,cθi,q · exp
[
−(Xi,q,c− (D+Kzi,q))

a
θi,q
]
.

Particularly, in equation (22), the contributions of each
section to the logarithmic likelihood function are independent
of one another.

3.2. Design variables

The optimality criterion of the CCSADT is to maximize the
determinant of the Fisher information matrix, thereby max-
imizing the precision of the parameter estimators. According
to assumption (3) and the expression in equation (22), the
determinant value of the information matrix can be found
as being related to the number of cycles m, stress mag-
nitude of each profile zi,j, and duration of each profile τi.
Therefore, the design variables for the CCSADT plan are
{m,zi,j, τi; i = 1,2, · · · ,m, j = 1,2, · · · ,n}.

3.3. Constraints establishment

In engineering practice, test resources primarily include test
costs and test time. Therefore, this study constructs the con-
straints of the optimization model on the basis of these two
resources.

(1) Constraint on test time
According to the description in section 2.1, as the time pro-
portion of each profile within a single cycle is constant, the
total test time is determined by the test duration of each cycle.
Therefore, the constraint on the test time can be expressed as:

m∑
i=1

τi ⩽ τs (23)

where τs is the maximum allowable test time.

(2) Constraint on test cost
In this study, three types of cost are considered, i.e. the sample
cost of a single Cs, measurement cost Ci, and public resources
consumed per unit time Cp. Therefore, the constraint on test
cost can be expressed as

N
n·m∑
i=1

Ci+NCs + τsCp ⩽ Ct (24)

where Ct is the maximum allowable test cost.

3.4. Construction and solution of CCSADT optimization
design model

The objective of this study is to optimize the number of cycles
in the CCSADT, stress levels under each profile, and dura-
tion of each profile while maximizing the determinant of the

7
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information matrix. Therefore, from equations (23) and (24),
the CCSADT optimization design model can be expressed as:

Maximize det |F| (25a)

Subject to: zl < zi,j < zh, i = 1,2, · · · ,m, j = 1,2, · · · ,n,
(25b)

m∑
i=1

τi ⩽ τs, (25c)

N
n·m∑
i=1

Ci+NCs + τsCp ⩽ Ct. (25d)

In the aforementioned optimization model, equation (25a)
indicates that the information matrix needs to be maximized,
constraint (25b) indicates that the test level should be within
the stress level range, and Constraints (25c) and (25d) indicate
that the total test time and total test cost should not exceed their
respective maximum allowable values.

For an optimization model such as in equation (25), several
studies typically adopt genetic algorithms to obtain the solu-
tion. For example, Liu et al [32] adopted the genetic algorithm
to solve the multi-objective ADT optimization design model,
and Kong et al [33] adopted the genetic algorithm to solve
the selective maintenance optimization model involving mul-
tiple components, multiple differences, and S-dependent influ-
ences. Therefore, this study also adopts genetic algorithms to
solve the optimization problem.

4. Example analysis

This section provides a numerical example on electrical con-
nectors to evaluate the effectiveness of the proposed method.

4.1. Example introduction

As described in section 1, the electrical connector is a key com-
ponent in weapons and equipment. It successively traverses
the storage profile, transportation profile, and test profile along
with weapons and equipment; resultantly, its contact perform-
ance gradually degrades owing to oxidation on the surface of
the contact parts. Particularly, in the storage, transportation,
and test profiles, the electrical connector is primarily subjec-
ted to temperature stress T, vibration stress G, and electrical
stress V, respectively. Among these, temperature and electrical
stresses affect the degradation rate by accelerating oxidation
reactions; concurrently, vibration not only accelerates wear
and the breakdown of oxide films but also causes loosening of
the contact structure, resulting in a sudden change in contact
resistance. Therefore, a significant impact on both the degrad-
ation rate and the degradation state of contact performance is
evident. According to Elsayed and Zhang [34], the Arrhenius
model is commonly employed to capture the effect of temper-
ature on the degradation performance of products, whereas the
inverse power lawmodel is adopted for capturing the effects of

Table 1. Model parameters.

Parameters β1 β2 β3 a K

Value 1.05 0.2098 0.857 3.37 0.25

electrical stress and vibration, and their respective expressions
are:

η = Aexp

(
Ea
kz

)
(26)

η = Bz−d (27)

where η represents the lifespan characteristic of the product, A
and B are two constants, Ea and d are the activation energies,
k is the Boltzmann constant, and z is the stress. Given that the
characteristic lifetimes are all proportional to the reciprocal
of the stress in equations (26) and (27), let z in equation (6)
be expressed as 1

T ,
1
G , and

1
V for the storage, transportation,

and test profiles, respectively. In addition, as mentioned in the
Introduction section, the vibration stress affects not only the
degradation rate but also causes instantaneous damage on con-
tact resistance, and the induced instantaneous damage is pro-
portional to the stress level with a correlation coefficient K.

Before the optimization design is arrived at, themodel para-
meters, which serve as the foundations for subsequent design
and analyzes, should first be eliminated. In this study, the dis-
tance between the contact resistance and failure threshold is
considered as the indicator of contact performance. To reflect
the degradation performance due to the contact resistance
under these profiles more accurately, this study estimates the
parameters in the model on the basis of the test data of the elec-
trical connector at the temperature value per [24] and the test
data of the electrical connector at the vibration value per [35]
while making reasonable assumptions for other model para-
meters. Thus, the parameter values of the PHM in equation (6)
are obtained as listed in table 1.

One sample is tested, and the temperature stress level range
is [298 K, 398 K], vibration stress level range is [0.2 g2 Hz−1,
0.8 g2 Hz−1], and electrical stress level range is [12 V, 18 V].
The initial distance between the initial contact resistance and
failure threshold of the product is x0 = 30 m Ω, and the fail-
ure threshold D is 0. Moreover, the cost of each sample is 500
RMB, monitoring cost for each time duration is 100 RMB,
public resource consumption per unit time is 2 RMB, total test
cost is constrained at 10 000 RMB, and total test time is con-
strained at 2000 h.

After the parameters are determined, the genetic algorithm
is adopted to solve the optimization model in equation (25).
Specifically, the GA function in MATLAB R2024b is used
for the solution, where the initial population size is set to
200, the number of iterations is set to 500, and the para-
meters related to crossover probability, mutation probabil-
ity, and stop threshold were all set to their default values.
The results thereof are listed in table 2, from which the
optimal number of test cycles under the constraints of the
given test time and cost can be deduced to be 6; among these
cycles, the levels of each stress alternate up and down rather
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Table 2. Optimization design of CCSADT with electrical
connector.

Test
profiles T(K) G

(
g2Hz−1) V(V) during time (h)

1 298.22 0.7964 12.25 194.02
2 298.53 0.2008 12.16 252.65
3 301.33 0.5559 12.69 6.30
4 306.01 0.7500 16.48 145.38
5 309.59 0.7498 12.93 65.31
6 308.10 0.2008 12.77 135.25

Table 3. Test scheme by UD.

Test
profiles T(K) G

(
g2Hz−1) V(V) during time (h)

1 298.15 0.20 12.0 333.33
2 318.15 0.56 14.4 333.33
3 338.15 0.32 13.2 333.33
4 358.15 0.68 15.6 333.33
5 378.15 0.44 16.8 333.33
6 398.15 0.80 18.0 333.33

than decreasing or increasing monotonically. Moreover, an
increase in the levels of temperature, vibration stress, and
electrical stress leads to a reduction in cycle duration; con-
versely, a decrease in these factors results in a longer cycle
duration.

4.2. Comparative analysis

To verify the validity of the proposed method, the method is
compared with the commonly adopted uniform design (UD),
Latin hypercube sampling design (LHSD), and the CSADT
under the same test cost and test time constraints.

Specifically, to construct the UD, from the results of the
6 optimized stress levels obtained in table 2, 6 stress levels
are respectively considered for the temperature range of 298–
398K, vibration range of 0.2–0.8 g2 Hz−1, and electrical stress
range of 12–18 V. Correspondingly, the UD table U(6,3) is
employed to design the test, and the result thereof is sum-
marized in table 3. For the LHSD, the range of all stress
levels is identical to that specified in UD. In the LHSD, each
stress range is uniformly partitioned into 6 non-overlapping
sub-intervals, and one stress level is randomly selected from
each sub-interval. Subsequently, the selected levels across all
stresses are randomly permuted and combined to generate the
final design presented in table 4. Finally, for the CSADT, a
single cycle of CS with the mean values of each stress level
listed in table 2 as the applied stress levels is performed and
presented in table 5. Additionally, the determinant value of the
Fisher information matrix of these two test schemes is calcu-
lated; according to [36], the relative efficiency (RE) is applied
to quantify the improvement in relative estimation accur-
acy of the parameters under the proposed method, which is
defined as:

Table 4. Test scheme by LHSD.

Test
profiles T(K) G

(
g2Hz−1) V(V) during time (h)

1 305.21 0.69 18.0 200
2 388.57 0.36 13.6 250
3 321.89 0.80 15.8 310
4 355.23 0.25 12.5 340
5 338.56 0.58 16.9 380
6 371.90 0.47 14.7 520

Table 5. Test scheme by CSADT.

Test
profiles T(K) G

(
g2Hz−1) V(V) during time (h)

1 303.63 0.5424 13.2 2000

Table 6. Comparison of the test scheme under four methods.

Method detF RE

Proposed method 3.1717 × 1018 100%
UD 1.0440 × 1018 203.8%
LHSD 9.138 × 1017 247.09%
CSADT 4.4 × 1017 620.8%

RE=
detFP - detFCD

detFCD
× 100% (28)

where detFP and detFCD represent the determinant values of
the Fisher information matrix of the test scheme obtained via
the proposed method and the contrast design, respectively.

The comparison results are listed in table 6, from which the
following conclusions can be drawn:

(1) The proposed CCSADT fully considers the cyclic alternat-
ing effects and cumulative damage characteristics of vari-
ous stresses under real task profiles, which is consistent
with the actual degradation process of products such as
electrical connectors. In contrast, the UD and LHSD only
focus on the spatial allocation of stress levels, whereas
traditional CSADT applies stresses sequentially within a
single cycle. All of these methods neglect the alternating
cyclic effects of multiple stresses, resulting in significant
deviations from actual operating conditions.

(2) The proposed method achieves the highest parameter
estimation accuracy under the same test time and cost con-
straints. The determinant of the Fisher information matrix
obtained by the proposed method is 3.04 times, 3.47 times,
and 7.21 times that of UD, LHSD, and CSADT, respect-
ively. Correspondingly, the RE is decreased by 103.8%,
147.09%, and 520.8%, respectively, indicating that the
proposed CCSADT can provide more effective informa-
tion for model parameter estimation.

(3) The proposed method is more flexible and practical in
engineering applications. It can simultaneously optimize
the number of cycles, stress levels, and test duration of
each stage under given test time and cost limits, thereby
maximizing the test efficiency.
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These results fully prove that the proposed CCSADT is
more suitable for the reliability assessment of products with
multi-task cyclic characteristics and stage-sensitive stresses.

4.3. Sensitivity analysis of parameters

The performance of the proposed optimal test scheme depends
on the pre-specified model parameters β1, β2, β3, a, and K.
However, these parameters are typically unknown a priori, and
their initial values must be estimated using prior information.
Such estimates inevitably deviate from the true parameter val-
ues to some extent. Therefore, to rigorously assess the robust-
ness of the proposed method and to provide a basis for para-
meter accuracy requirements, a systematic sensitivity analysis
of model parameters to the optimal test scheme formulation
is essential. Similar to [37], the relationship between the pre-
estimators and the true parameters is expressed as:[

∧
β1,

∧
β2,

∧
β3,

∧
a,

∧
K

]
=
[
(1+ ε1)β1,(1+ ε2)β2,(1+ ε3)

×β3,(1+ ε4)a,(1+ ε5)K
]

(29)

where ε1 ∼ ε5 denote the relative errors. Let detFerror denote
the optimal determinant value derived from the estimated
model parameters with various error combinations, and let
detFactual denote the determinant value of the test scheme
obtained using the actual parameters listed in table 1, then
the determinant efficiency (DE) introduced in [37] is used
to measure the robustness of the proposed method, which is
expressed as

DE=
detFerror

detFactual
× 100%. (30)

When conducting the sensitivity analysis, for each scenario,
we introduce an estimation error in a single parameter while
holding all other parameters at their actual values. The optimal
test scheme under each scenario with the estimation error of
5% and 10% are presented in figures 3(a) and (b), respect-
ively. Meanwhile, the corresponding DE for each scenario
is reported in tables 7 and 8, respectively. From figures 3(a)
and (b), it can be observed that within the estimation error
of 5% and 10%, the overall variation range of the stress dis-
tribution scheme is relatively small. Besides, tables 7 and 8
reveal that when the estimation error is 5%, the DE of the
optimal experimental design consistently exceeds 95% across
all scenarios, and when the estimation error increases to 10%,
the DE remains above 90%. This indicates that even in the
presence of certain parameter estimation errors, the proposed
method can still obtain test schemes that closely approxim-
ate the optimal test schemes derived under the actual paramet-
ers. Consequently, the robustness of the proposed method is
verified.

4.4. Analysis of the impact of test time and cost

In practical engineering applications of the ADT, the total
test time and test cost are typically the two most critical and

Figure 3. The test scheme under each scenario with the estimation
error of (a) 5%, (b) 10%.

Table 7. The DE under various error combinations when the
estimated error is 5%.

ε1 ε2 ε3 ε4 ε5 DE

0% 0% 0% 0% 0% 100%
−5% 0% 0% 0% 0% 97.13%
+5% 0% 0% 0% 0% 96.35%
0% −5% 0% 0% 0% 95.57%
0% +5% 0% 0% 0% 98.17%
0% 0% −5% 0% 0% 98.88%
0% 0% +5% 0% 0% 99.36%
0% 0% 0% −5% 0% 96.46%
0% 0% 0% +5% 0% 95.56%
0% 0% 0% 0% −5% 97.79%
0% 0% 0% 0% +5% 96.83%

restrictive types of test resources. The total test time directly
determines the completeness of the degradation information
that can be obtained and the feasible range of the test profile;
concurrently, the cost of the test limits the number of tests,
the configuration of stress levels, and the complexity of the
test plan. Therefore, systematically analyzing the influence of
the total test time and test cost constraints on the optimal test
design results is necessary, which can provide a reference for
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Table 8. The DE under various error combinations when the
estimated error is 10%.

ε1 ε2 ε3 ε4 ε5 DE

0% 0% 0% 0% 0% 100%
−10% 0% 0% 0% 0% 95.98%
+10% 0% 0% 0% 0% 93.39%
0% −10% 0% 0% 0% 90.23%
0% +10% 0% 0% 0% 93.34%
0% 0% −10% 0% 0% 94.72%
0% 0% +10% 0% 0% 92.01%
0% 0% 0% −10% 0% 92.61%
0% 0% 0% +10% 0% 90.25%
0% 0% 0% 0% −10% 91.37%
0% 0% 0% 0% +10% 90.29%

engineers to reasonably balance the accuracy of test informa-
tion acquisition and consumption of test resources under actual
conditions.

The CCSADT schemes under the conditions of test cost
constraints of 10 000 RMB, 13 500 RMB, 17 000 RMB,
20 500 RMB, and 24 000 RMB, as well as test time constraints
of 2000 h, 3000 h, 4000 h, 5000 h, and 6000 h, are considered,
respectively, whereas other configurations remain unchanged.
Particularly, for each case, the determinant values of the Fisher
information matrix of the test scheme obtained via the pro-
posed method and that obtained using the UD, LHSD, and
CSADT are provided, and the RE is also calculated for com-
parison. The results are shown in figure 4. From figure 4(a),
the increase in the test time and cost constraints results in an
increase in the determinant values of the Fisher information
matrix under all four methods, which indicates that under the
condition of more abundant test resources, the test scheme can
provide more effective information. Besides, it is seen that
the proposed method always achieves the largest determinant
value, which further highlights the effectiveness of the pro-
posed method in developing efficient test schemes under con-
strained test resources. Conversely, figure 4(b) reveals that the
RE values of the three compared methods relative to the pro-
posed method consistently decrease as test resources increase.
For the UD and LHSD, this trend occurs because longer test
times and higher costs facilitate a greater number of cycles,
which in turn increases the number of stress level combina-
tions in the design. In contrast, for the CSADT design, the
same trend stems from the fact that increased test time and
cost yield more abundant degradation measurements. As a res-
ult, the test scheme derived from these three designs can also
achieve progressively higher accuracy in parameter estima-
tion. Furthermore, figure 4(a) shows that when the test time
and cost constraints increase to a certain extent, the increased
amplitude of the determinant value of the Fisher information
matrix under the four methods gradually decreases, indicating
that even if more test resources are added at this time, bringing
about a significant improvement in experimental efficiency is
difficult.

Consequently, based on figure 4, engineers can better
understand the impact of test cost and time constraints on the
formulation of the test scheme and the accuracy of parameter

Figure 4. Comparison of the test schemes under two methods with
different test times and costs: (a) det F, (b) RE.

estimation under this test scheme and thus select the appro-
priate cost and time constraints according to the actual assess-
ment accuracy requirements.

5. Conclusion

To address the issue of frequently cycling through multiple
different stages in actual task environments, this study adopts
the PHM model that does not require assumptions about the
degradation path. On this basis, combined with the cumulative
damage theory, a reliability function under CCS is construc-
ted. Subsequently, based on the D-optimality criterion, with
the number of cycles, stress level, and the time required for
each cycle as decision variables, the optimal test scheme was
obtained. A comparison of the test scheme of the proposed
method with those of UD, LHSD, and CSADT reveals that
its RE decreases by 103.8%, 147.09%, and 520.8%, respect-
ively, which benefits from the full consideration of the altern-
ating cyclic effect of multiple stresses and cumulative damage
mechanisms that are consistent with actual engineering scen-
arios. Therefore, it is proved that for products that need to
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repeatedly undergo various mission profiles and have differ-
ent sensitive stresses in each profile, the proposed method can
provide the optimal solution for the number of required ADT,
the duration time in each cycle, and the optimal stress levels
according to the test cost and time constraint, thereby improv-
ing the test efficiency. Furthermore, a sensitivity analysis of
the model parameters is conducted to assess the robustness
of the proposed method. The results indicate that even with
a ±10% estimation error in the parameters, the test scheme
derived from the estimated parameters remains highly consist-
ent with that obtained under the true parameter values, and
the DE is maintained at a high level, thereby offering prac-
tical guidance for requirements on data measurement accur-
acy. Finally, the influence of the test cost and time constraint
on the test results was also analyzed, based on which engin-
eers can determine appropriate test resources according to the
required parameter estimation accuracy requirements.

This study mainly focuses on the case where only one
dominant sensitive stress exists in each working condition.
However, in practical engineering applications, a single work-
ing condition is often simultaneously subjected to the coup-
ling effect of multiple stresses. Therefore, in the future,
the situation where a single profile is subjected to mul-
tiple stresses can be studied. Additionally, this study con-
siders electronic products with a single performance index
as the research object, whereas actual products usually have
multiple key performance characteristics. Therefore, future
research can be further expanded to multi-performance scen-
arios. Moreover, for the optimization model proposed in this
paper, more efficient and stable solution algorithms can also be
explored to enhance computational efficiency and engineering
applicability.
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