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Abstract

Silver oxide-aluminum (AgO-Al) batteries are widely used as power sources for underwa-
ter vehicles, where direct current/direct current (DC/DC) converters play a critical role
in supplying low-voltage loads. Accurate reliability assessment of DC/DC converters is
essential for ensuring successful missions. Existing studies rarely consider the constraints
between key performance parameters, as well as the load-dependent characteristics of mea-
surement errors, limiting their applicability to DC/DC converters. To address these issues,
a probabilistic model describing the relationship between operating load and measurement
error is proposed, with particular emphasis on the load-dependent stochastic characteristics
of measurement errors. Based on this relationship, load-dependent stochastic models for
both the power-on and power-off voltages are developed by jointly considering unit-to-unit
variability and random measurement errors. The model parameters are estimated by maxi-
mum likelihood estimation. A failure criterion incorporating the operational constraints
between the power-on and power-off voltages is established according to the practical
requirements of DC/DC converters. A reliability assessment method considering the depen-
dence between the power-on and power-off voltages is provided according to the practical
requirements. Based on test data, the results show that the Kolmogorov-Smirnov statistic
of the proposed method is at least 86% lower than the compared methods, indicating a
more accurate reliability assessment.

Keywords: DC/DC converter; reliability assessment; load-dependent measurement error;
performance parameter constraint

1. Introduction
1.1. Motivation

Silver oxide-aluminum (AgO-Al) batteries are widely regarded as critical power
sources for underwater vehicles because of their high specific energy and high specific
power [1-3]. In an AgO-Al battery system, the direct current/direct current (DC/DC)
converter plays a key role in converting the high bus voltage supplied to the propulsion
motor into a lower voltage required by low-voltage onboard loads, such as servos and
monitoring instruments. These loads are essential for attitude adjustment and condition
monitoring. Once the DC/DC converter fails, the low-voltage loads may lose power
and cease functioning, potentially resulting in mission failure. Therefore, ensuring the
reliability of the DC/DC converter is of great significance for the stable and safe operation
of underwater vehicles.
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In practical applications, the load current of the DC/DC converter varies with operat-
ing conditions. Accordingly, reliability assessment of DC/DC converters in AgO-Al battery
systems requires performance data collected under different load currents. However, due
to the effects of measuring instruments, environmental disturbances, and other internal
and external factors, measurement errors are inevitably introduced into the observed
data, thereby increasing the uncertainty of reliability assessment results [4]. Moreover,
for the DC/DC converter, different load currents may induce different levels of thermal
disturbance and electromagnetic interference in the measurement system, resulting in
load-current-dependent measurement errors [5-7]. Therefore, when conducting reliability
modeling and assessment for DC/DC converters, it is necessary to explicitly consider the
influence of actual load currents on measurement errors.

For DC/DC converters used in AgO-Al batteries, the performance parameters include
power-on voltage, power-off voltage, and output voltage. Since the output voltage of
DC/DC converters is relatively stable and essentially unaffected by load currents, this
study focuses on the two key performance parameters, i.e., the power-on voltage and
the power-off voltage. If either the power-on voltage or the power-off voltage reaches
its threshold, the DC/DC converter is considered to have failed. Moreover, the DC/DC
converters in AgO-Al batteries are subject to an additional operational constraint. During
the initial activation stage, the AgO-Al battery cannot continuously sustain a load. If the
difference between the power-on voltage and power-off voltage of the DC/DC converter
is too small, it may lead to the shut down and restart cycles of the DC/DC converter,
thereby delaying or even preventing successful mission. Thus, the difference between
the power-on voltage and the power-off voltage must satisfy a specific constraint. If this
difference falls below a critical value, the DC/DC converter should also be considered
failed. This characteristic highlights the necessity of developing a reliability modeling
method that accounts not only for individual failure thresholds of performance parameters
but also for constraints between performance parameters.

1.2. Literature Review

Measurement errors typically exhibit uncertainty, because measuring instruments are
susceptible to random fluctuations in environmental factors, such as ambient temperature
variations and stochastic electromagnetic noise [8,9]. To depict the randomness of measure-
ment errors, existing studies commonly assume that measurement errors follow certain
prescribed probability distributions, such as normal distribution, skew-normal distribution,
and Student’s t-distribution [10,11]. Among these distributions, normal distribution has
been extensively adopted because of theoretical foundation and strong empirical fitting
capability in engineering data analysis. It has been widely used in degradation modeling,
reliability assessment, remaining useful life prediction, and maintenance decision-making.
For example, Si et al. modeled measured degradation data by assuming normally dis-
tributed measurement errors, and analyzed their influence on reliability assessment [12].
Li et al. proposed an accelerated degradation model that accounted for the effects of stress
and random measurement errors, where the errors were assumed to obey an independent
identical normal distribution, and they validated the superior fitting performance using
accelerated degradation test data of cables [13]. Wang et al. [14] and Li et al. [15] also
employed normal distributions for modeling measurement errors, and they indirectly
verified this assumption by accurate remaining useful life predictions and favorable relia-
bility assessment results, respectively. Although existing studies have demonstrated their
effectiveness in specific application scenarios, these modeling methods of measurement
errors are unsuitable for DC/DC converters because of the neglect of the effect of load cur-
rents. For a DC/DC converter, measurement errors are subject to thermal disturbance and
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electromagnetic interference in the measurement system, which may be varying with load
currents [5-7]. Due to the lack of proper models, modeling measurement errors remains
a challenge for electronic devices such as DC/DC converters operating under variable
working conditions.

For DC/DC converters used in AgO-Al batteries, we focus on the two key perfor-
mance parameters, i.e., the power-on voltage and the power-off voltage. Existing research
on multiple performance parameters typically assigns separate constraints (i.e., failure
thresholds) for different performance parameters [16,17]. For instance, Fang et al. [18],
Song and Cui [19], and Pan et al. [20] established multivariate degradation models based
on inverse Gaussian processes, gamma processes, and Wiener processes, respectively, and
these models all assumed an individual failure threshold for each performance parameter.
Similarly, Zhai and Ye [21] and Liu et al. [22] also adopted the failure criterion that if any
performance parameter reached a prespecified failure threshold, then the product was
considered failed. However, the conventional assumption of failure criterion neglects the
constraint between performance parameters. For a DC/DC converter, if the difference
between the power-on voltage and the power-off voltage is less than a critical value, the
DC/DC converter is also considered failed. Therefore, it is important for accurate reliability
assessment of DC/DC converters to specify a proper failure criterion by simultaneously
considering the failure threshold of each key performance parameter and the critical value
of the difference between the performance parameters.

Based on the above literature review, the existing models of measurement errors assign
a specific probability distribution to capture the randomness of measurement errors, but
they neglect the effect of load currents. Moreover, the existing assumptions of failure
criterion consider an individual failure threshold for each performance parameter, but
they neglect the constraint between the performance parameters. Table 1 summarizes the
limitations of the previous studies.

Table 1. Limitations of previous studies.

Modeling of Assumption of Failure Criterion
Measurement Errors
Assign a specific Assume an individual failure threshold
Method e
probability distribution for each performance parameter
o Neglects the effect of Neglects the constraint between the
Limitation
load currents performance parameters

1.3. Contributions and Organization

DC/DC converters are commonly subject to various uncertainties, including random
measurement errors, as well as random heterogeneity among individuals incurred by
factors such as instability in manufacturing processes and fluctuations in environmental
conditions [17,23]. Thus, it is significant for accurate reliability assessment of DC/DC
converters to propose probabilistic models to properly capture the effects of uncertainties.
The main contributions of this study are summarized as follows.

1.  We propose a probabilistic model for the two key performance parameters, namely
the power-on voltage and the power-off voltage, by incorporating multi-source effects
including actual load current, unit-to-unit heterogeneity, correlation between the
two performance parameters, and randomness of measurement errors. In particular,
we carefully model the effect of load currents on random measurement errors.

2. According to the operational requirements of DC/DC converters of AgO-Al batteries,
we specify the failure criterion by jointly considering the failure threshold of each per-
formance parameter and the special constraint between the performance parameters.
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Then, we develop a reliability assessment method for DC/DC converters based on
the specified failure criterion.

3. We verify the feasibility and effectiveness of the proposed method using test data from
DC/DC converters of the same type. Through case study, we reveal the effect of load
current on the stochastic characteristic of measurement errors, and also investigate
the variation law of reliability with the change in load current.

The remainder of the paper is organized as below. Section 2 details the modeling
assumptions, the reliability assessment method, and the estimation method for the model
parameters. Sections 3 and 4 provide the real case analysis. Finally, Section 5 concludes
the study.

2. Materials and Methods

2.1. Modeling Assumptions
2.1.1. Operating Principle of the DC/DC Converters of AgO-Al Batteries

The operating principle of the DC/DC converters of AgO-Al batteries is shown in
Figure 1. The bus voltage of the battery serves as the input to the DC/DC converter, while
the output of the DC/DC converter provides power to the low-voltage loads. The power-on
voltage and power-off voltage of the DC/DC converter can be explained with reference to
Figure 2. As the input voltage of the DC/DC converter continues to increase, the power-on
voltage is defined as the input voltage corresponding to the moment when the output
voltage reaches the required value. Similarly, as the input voltage continuously decreases,
the power-off voltage is defined as the input voltage corresponding to the moment when
the output voltage falls below the required value.

|
|
| |
| |
_ Al i i |
S o
| |
Bus voltage ' Input DC/DC Output terminal for |
& : terminal converter low-voltage loads i
— ! _
ST : _ i
|
Battery stack ! |
I I
| |

Output terminal for
propulsion

Figure 1. Operating principle of the DC/DC converter of AgO-Al batteries.

When analyzing the reliability of the DC/DC converter, several key aspects need to
be carefully considered. Firstly, during the initial activation stage, the AgO-Al battery is
incapable of stable loading. To ensure the stability of the output, the power-on voltage and
power-off voltage of the DC/DC converter must not be too close to each other. Thus, when
analyzing the reliability of the DC/DC converter, it is necessary to consider the constraint
between the performance parameters; that is, the difference between the power-on voltage
and the power-off voltage should not be less than a specific critical value. Secondly, the
power-on voltage and power-off voltage of the DC/DC converter are closely related to its
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load conditions. In actual operation, due to varying working conditions, the load current
of the DC/DC converter may exhibit uncertainty. Therefore, when analyzing the reliability
of the DC/DC converter, it is essential to comprehensively consider scenarios involving
multiple load current conditions.

Input
voltage

Power-off
voltage

Power-on
voltage

Output
voltage

Required | |
value

Figure 2. Schematic diagram of power-on voltage and power-off voltage.

2.1.2. Power-On Voltage and Power-Off Voltage Modeling

To comprehensively analyze the reliability of the DC/DC converter under various oper-
ating conditions, we first establish the relationship model between the power-on/power-off
voltage and the load current. Let X;(I) and X;(I) denote the power-on voltage and power-
off voltage of the DC/DC converter, respectively, under load current [ for0 < I < Iy,
where I;; represents the maximum load current of the DC/DC converter, which can be pre-
determined based on the design inputs. Considering the influence of circuit characteristics,
equipment status, etc., the relationship between the power-on/power-off voltage and the
load current is expressed as follows.

Xi(I) = g1(1;61) + 171, €))
Xo(I) = g2(1;02) + 12

Fori = 1,2, gi(I; 6;) is the deterministic term determined by circuit characteristics,
and represents the deterministic relationship between the power-on/power-off voltage and
the load current. 0; is the parameter vector to be estimated. #; is a random term following
a normal distribution with mean zero and variance 0’5/17 denoted as N(O,Ug/i), and accounts
for unit-to-unit heterogeneity, which primarily arises from instability in manufacturing
processes, fluctuations in environmental conditions, etc. [17,23].

To enhance the generality and flexibility of model (1), we assume
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§1(L;61) =611 + 6121%% exp(6141), 2

§2(1;02) = 621 + 622193 exp(6,41),
where 0; = (0;1,0i2,0;3,0;4)' fori = 1,2. The functional form of Equation (2) can be

simplified into commonly used forms, depending on the values of the model parameters.
For example, if 0; 4 = 0, Equation (2) reduces to a power-law model, whereas if §;3 = 0,
Equation (2) reduces to an exponential model.

Furthermore, since the power-on voltage and the power-off voltage are influenced by
the same electrical principles, there is inevitably a correlation between the two voltages.
To characterize the correlation between the power-on voltage and the power-off voltage,
we assume thaty = (#1,%2)’ follows a bivariate normal distribution with mean zero and
covariance X, = [0’;/1, T, 03,2], denoted as BVN(0,Z,).

During the measurement process, due to the effect of operator actions and operation
environment, there are measurement errors between the measured values and the true
values. For each measurement, it is assumed that the measurement errors are mutually
independent. Since the load current inevitably introduces thermal disturbances and elec-
tromagnetic interference to the measuring equipment, the measurement error is affected by
the load current.

Based on the above analysis, let Y1 (I) and Y>(I) denote the measured values of the
power-on voltage and power-off voltage, respectively. Then, the relationship between the
measured values and the true values can be expressed as

Yl(I):Xl(I)+81(I)’ (3)
Ya(I) = Xo(I) + ex(I),
where fori = 1,2, ¢,(I) represents the measurement error, and follows a normal distri-
bution N(O,Uéi(l )), in which the variance Uéi(l ) is a function of the load current I. The

relationship between ¢Z;(I) and I is assumed as the following general and flexible form.

02)(I) = " exp(di]) + ¢y, )
(782,2(1) = axI%2 exp(dal) + ¢,
where fori = 1,2, a;, b;, ¢;, and d; are model parameters to be estimated. Depending

on the different values of a;, b;, ¢;, and d;, the relationship between 082,1.(1 ) and I can be
independent, positively correlated, or negatively correlated. For notation simplicity, let
‘pi = (al-, bi/ Ci, di), and¥ = {61, 62,2,7, Ql, (pz}.

Based on the above modeling assumptions, given the load current I for0 < I < Iy,
it can be derived that the measured values Y;(I) and Y,(I) of the power-on voltage and
power-off voltage of the DC/DC converter follow a bivariate normal distribution with
means, variances, and covariance respectively given by

EMi(D) = &1(L;61), (5)
E(Ya(1)) = 82(1;62),
Var(Y1(I)) = 02, +02,(I), (6)
Var(Y2(I)) = o7 5 + 025 (1),
Cov(Y1(D)Ya(I)) = Cov(i, 12) = T. @)
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2.2. Reliability Assessment

For the DC/DC converter of AgO-Al batteries, proper power-on voltage and power-off
voltage are two important requirements to ensure the performance in terms of startup
speed and operational stability.

Firstly, if the power-on voltage is too high, the startup of the low-voltage loads will be
delayed. Meanwhile, if the power-off voltage is too high, the anti-interference capability of
the DC/DC converter will be lowered. Therefore, for any load current, both the power-on
voltage and power-off voltage of the DC/DC converter need to be lower than specific
thresholds, which can be expressed as

X1(I) < Dy, Xo(I) < Dy, (8)

where X;(I) and X,(I) can be specified according to Equation (1), and D; and D, are the
failure thresholds of the power-on voltage and the power-off voltage, respectively.
Secondly, in the early stage of activation, AgO-Al batteries are incapable of loading
steadily and continuously. Once the DC/DC converter powers on, the bus voltage of
the battery will be pulled down. If the difference between the power-on voltage and the
power-off voltage is too small, the bus voltage might drop down to the threshold of the
power-off voltage. Meanwhile, the DC/DC converter stops outputting power, and then
restarts, which would delay the activation of the system. Therefore, to ensure a stable
output voltage, the difference between the power-on voltage and the power-off voltage
should be larger than a critical value, which can be expressed as the following constraint:

X1(I) — Xa(I) > Ds, )

where X7 (I) and X;(I) can be specified according to Equation (1), and Dj is the failure
threshold of the difference between the power-on voltage and the power-off voltage.

Based on the above analysis, given any load current I for 0 < I < Iij, the reliability
of the DC/DC converter can be expressed as the probability with which the power-on
voltage is less than the failure threshold, the power-off voltage is less than the failure
threshold, and the difference between the power-on voltage and power-off voltage is larger
than the failure threshold. Mathematically, the reliability R(I) can be expressed as

R(I):Pr(Xl(I) < Dl,Xz(I) < Dz,Xl(I)—Xz(I) > Dg)
=Pr(m < D1 —g1(L;61),112 < Dy —82(1;62)

, (10)
m—m < —D3+g1(L;81) —g2(1;62)).

Since the vector # = (171,12)’ follows a bivariate normal distribution as described in
Section 2.1.2, the vector #* = (#71,%2,72 — #1)’ follows a multivariate normal distribution
MVN(O,Z,’;), where Zj; is the covariance matrix written as

2 2
Ty1 T Oy =T
* _ 2 — 2
2,7 = , T ‘777,22 i T ;7,7,2 . (11)
g1 =T T—0yo Oy +0y,—2T

For ease of expression, letw = (Dy — ¢1(;601),D2 — g2(1;62),—D3 + g1(1;61) —
92(1;8,))". Then, according to Equation (10), the reliability of the DC/DC converter under
load current [ for 0 < I < I can be expressed as

R(I) =Pr(y* < w)
= cw WQXP[ — 34/ () "ydy. (12)
n
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2.3. Parameter Estimation

This section provides the maximum likelihood estimation (MLE) method for the model
parameters based on the test data of # DC/DC converters collected under m load currents.
Here, MLE is one of the most used estimation methods in reliability studies [24].

Suppose that the power-on and power-off voltages of the DC/DC converters are
tested under m load currents. For load current I with 0 < I < Iy, j =12..,m,
each of the n DC/DC converter is measured, and the measurement values are denoted
as Yi,k(Ij), i = 1,2,k = 1,2,...,n. For notation convenience, the measured data of the
DC/DC converters under load current I; is denoted as Y; = [Y1,1(I}),Y12(I}), - -, Y1,u(Ij),
Yo1(1;),Y22(I}), .. Ya,u(I;)], and then the joint probability density function (PDF) f(Y;; ¥)
of Y; is a multivariate normal distribution. The mean and the covariance matrix are
expressed as

#(I;01,02) = (81(1;;01)11xn, &2(I11; 02) 11 )’ (13)
and

H(Ij; Zy, 1, P2) = (7)) pgl2nx2n, (14)

respectively, where

(T%/l + Uél(Ij), p=g=12,...n,
05,2 +0%(I), p=q=n+1,...,2n,
(nj)p,q _ U’z'll p,gq=12,...n,p # q, (15)
Ty or p,g=n+1,....2n, p # q,
T, p=12,...n,g=n+1,...,2n,
T, p=n+l,...,2n,g=12,...,n

Given the test data D = [(Y;),(Y2)/,..., (Yn)']’, the likelihood function and the
log-likelihood function are expressed as

" —n -1/2
= T1 (2m) " II(Ij; E,, @1, D) | (16)

exp{ — % () — (501, 0)]' [I(1; Zy, @1, ®2)] ' [Y¥; — u(1;:01,62)] }

and
I(¥;D) =In(L(¥;D))
1 m
= —mnIn(2n) — = Y In|II(I[; X, 1, P
(2r) = 5 ¥ Il 11015 %, 2, @) W)
1m 1
_Ejg [Y; — p(1;;01,02)] [II(L; Ty, @1, @2)] ' [Y; — (161, 02)],

respectively.

The estimates of ¥ are obtained by maximizing the log-likelihood function. Here, we
adopt the genetic algorithm (GA) to compute the estimates for twofold reasons. Firstly,
gradient-based algorithms and many other conventional numerical optimization methods
are sensitive to the initial guess, whereas GA can mitigate this problem through population-
based initialization. Secondly, compared with other evolutionary algorithms, such as
particle swarm optimization algorithms, GA often demonstrates a more powerful global
search capacity for complex optimization problems [25]. Then, by substituting the parame-
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ter estimates into Equation (12), the reliability of the DC/DC converters under any load
current [ for0 < I < I can be obtained.

3. Results

In this section, the proposed method is demonstrated and compared with recent
representative methods based on test data from 20 DC/DC converters of the same type.
For the DC/DC converters, the thresholds of the power-on voltage and the power-off
voltage are 60.5 V and 48 V, respectively, which are specified according to experimental
observations. In addition, to rapidly provide stable power to the low-voltage loads in
a short time at the activation stage of the AgO-Al batteries, the power-on voltage of the
DC/DC converters need to be 12.5 V higher than the power-off voltage, which is specified
according to experimental observations. The tests are conducted under nine load current
conditions, 0 A (no-load current), 4 A,7 A, 10 A, 13 A, 16 A,19 A, 22 A and 25 A (full-load
current), and the measured power-on voltages and power-off voltages of the DC/DC
converters are shown in Figures 3 and 4, respectively. Additionally, all the computed results
in this study are obtained by MATLAB R2017a.

Power-on voltage/V

58 i i i i O #20
0 5 10 15 20 25
Load current/A

Figure 3. Test data of power-on voltages for the 20 DC/DC converters.

47

46

- P - P
N [ ES n

Power-off voltage/V
S

0 5 10 15 20 25
Load current/A

Figure 4. Test data of power-off voltages for the 20 DC/DC converters.
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Firstly, to assess the appropriateness of the normality assumption, the Shapiro-Wilk

(SW) test is employed to evaluate the normality of the measured data under each load

current condition [26]. The p-values are presented in Table 2.

Table 2. p-Values of SW test.

Load Current Conditions

Power-On Voltages

Power-Off Voltages

0A
4A
7A
10 A
13 A
16 A
19 A
22 A
25 A

0.2373
0.1566
0.0678
0.3509
0.0792
0.1771
0.0879
0.3597
0.9388

0.0751
0.2491
0.1322
0.5501
0.4351
0.0920
0.0571
0.4070
0.5251

We conduct parameter inferences using the test data shown in Figures 3 and 4. Table 3

presents the estimates of the model parameters. Then, we compare the estimated average

and measured average of the power-on voltage, as well as the estimated average and

measured average of the power-off voltage in Figures 5 and 6, respectively. In addition, the

estimated variances of the measurement errors are shown in Figure 7.

Table 3. Estimates of the model parameters.

Model Parameters

Estimates

01
0,

(59.429, —0.025, 1.003, —1.642 x 10~4y
(39.011, 0.002, 5.556 x 10~4, 0.329)
[0.055, —0.131; —0.131, 0.312]
(0.001, 0.942, 0.015, 1.051 x 104y’
(3.398 x 107>, 2.425,0.013, 0.001)’

Power-on voltage/V
n n 9]
° o o
. N w

[7)]
=}
T

58.9

58.8

Estimated average

% Measured average

10 15
Load current/A

20

25

Figure 5. Estimated average and measured average of power-on voltage.

To better exhibit the superiority of the proposed model, we compare the proposed

model with three existing models.
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Model I: The measurement errors are assumed to follow the same normal distribu-
tion [9], and the rest of the model is consistent with the proposed model. Additionally, to
conduct GA for parameter estimation, we set population size, crossover rate, mutation rate,
maximum generation number, and fitness tolerance to 200, 0.8, 0.01, 500, 107, respectively.

Model II: There is no constraint on the difference between the power-on voltage and
the power-off voltage [10], and the rest of the model is consistent with the proposed model.

Model III: The measurement errors are assumed to follow the same normal distribu-
tion [9], there is no constraint between the power-on voltage and the power-off voltage [10],
and the rest of the model is consistent with the proposed model.

47 T T T T

Estimated average
% Measured average

46

- =~ ) =
(% w £ 7]

Power-off voltage/V
S

38 Il 1 1
10 15 20 25
Load current/A

=]
[9)]

Figure 6. Estimated average and measured average of power-off voltage.

0-1 T T T T

0.09

0.08

g
>
A

. 2
Variance/V
s 2
> [—)

N (=)

e
[—]
K

0.03

0.02

0.01 ' ! ;
0 5 10 15 20 25
Load current/A

Figure 7. Estimated variances of measurement errors.

Akaike information criterion (AIC) is used to compare the goodness of fit of the
four models, and the AIC value is the lower the better [27]. The AIC value is expressed as

AIC =2k — 21, (18)
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where [ represents the log-likelihood function, and k is the number of the model parameters.
The AIC values of the four models are listed in Table 4. As shown in the table, the AIC
values of the proposed model and Model II are identical. This is because the two models
share the same representations for the variation in the power-on voltage with load current,
the variation in the power-off voltage with load current, and the influence of the load
current on measurement errors. The only difference between these models lies in the
assumption of the failure criterion. Therefore, they yield the same AIC values. Similarly,
the AIC values of Model I and Model III are also identical.

Table 4. Calculation results of AIC values.

Proposed Model Model I Model II Model III
AIC —184.273 —138.912 —184.273 —138.912

Furthermore, the four models are used to estimate the reliability of the DC/DC
converters, and the results are shown in Figure 8. Take the reliability calculated by the
empirical reliability function using the test data under each load current as the benchmark.
Then, the Kolmogorov-Smirnov (K-S) statistic is employed to quantitatively compare the
accuracy of the estimated results of reliability based on the four models [28]. A smaller
value of the K-S statistic indicates a more accurate estimated result [29]. The calculation
formula for the K-S statistic is as follows.

K-S = max|R; — Ry|, (19)

where R is the estimated value and R; is the benchmark. The calculation results are listed
in Table 5.

.*? 0.6 - 0.4
l-g 0 5 L 0 2 4
: : $
& 0.4 23 235 24 245 25 |
03 ]
—%— Proposed model
0.2 | |—&=— Model 1 J
—4A— Model II
0 1F —— Model II1 i
’ O Empirical reliability
0 1 1 1 1
0 5 10 15 20 25

Load current/A

Figure 8. Comparison of the estimated reliability results.
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Table 5. Calculation results of K-S statistic.
Proposed Model Model I Model 11 Model III
K-S statistic 0.027 0.199 0.548 0.549

Moreover, to illustrate the applicability and generalizability of the estimation results
from the proposed model as shown in Figure 8, an independent dataset of 20 additional
units is used for cross-validation. The independent dataset is presented in Figures 9 and 10,
and the cross-validation result is shown in Figure 11.
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Figure 9. Test data of power-on voltages for the additional 20 DC/DC converters.
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Figure 10. Test data of power-off voltages for the additional 20 DC/DC converters.
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Figure 11. Cross-validation result.

4. Discussion

The measured power-on and power-off voltages are both assumed to be normally
distributed variables according to the assumption of normal distributions for unit-to-unit
heterogeneity and measurement errors in Equations (1) and (3), respectively. It can be
observed from Table 2 that the p-values for the measured power-on and power-off voltages
are all greater than 0.05 under each load current condition. Since a p-value larger than
0.05 for SW tests means that the experimental data support the assumption of a normal
distribution, it is rational for the proposed model to employ normal distributions to depict
unit-to-unit heterogeneity and measurement errors.

From Table 3, we can see that the parameter 6 3 is close to 1, the parameter 6; 4
approximates to 0, and the parameter 6 ; is less than 0. This indicates that the power-
on voltage and the load current exhibit a linear relationship, and the power-on voltage
gradually decreases as the load current increases. The above results coincide with the
variation trend of the power-on voltage changing with the load current shown in Figure 3. In
addition, the parameters 6, » and 0, 4 are greater than 0, and the parameter 6, 3 approximates
to 0. This indicates that the power-off voltage and the load current exhibit an exponential
relationship, and the power-off voltage increases faster with the rising load current. The
above results coincide with the variation trend of the power-off voltage changing with the
load current shown in Figure 4.

From Figures 5 and 6, we can see that the average voltage obtained from the proposed
model accords with the average from the actual measurement data, which indicates that
the proposed model fits the test data well. Moreover, from Figure 7, we can see that the
variance of measurement errors gradually increases with the load current. This is because
the thermal noise and electromagnetic interference on instruments gradually become
stronger as the load current increases, and thus the randomness of measurement errors
becomes increasingly larger.

It can be observed from Table 4 that compared with Models I and III, the AIC values of
the proposed model and Model II are smaller, indicating a better fit for the test data. This is
because different load currents introduce different levels of thermal noise and electromag-
netic interference on instruments, thus resulting in different degrees of measurement errors.
Model I and Model III fail to account for the impact of the load current on measurement
errors, whereas the proposed model and Model II do, and thus fit the data better. In
addition, compared with Model II, the proposed model additionally captures the power-off
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fault behavior resulting from an excessively small difference between the power-on voltage
and the power-off voltage, which is more consistent with reality. Therefore, the proposed
model is the best among the four models.

It can be obtained from Table 5 that the K-S statistic of the proposed model is about
86%, 95%, and 95% lower than Models I-11I, respectively, indicating that the proposed
model achieves the most accurate reliability assessment among the four methods. As can be
seen from Figure 8, when the load current is relatively small, the estimated reliability of the
proposed model is consistent with the other models. However, as the load current increases,
the power-on voltage gradually decreases, while the power-off voltage rises rapidly, which
leads to the gap between the two voltages approaching the critical value. Model II and
Model III do not consider the constraint on the difference between the power-on voltage
and the power-off voltage, thus significantly overestimating the reliability of the DC/DC
converters. Additionally, by comparing the reliability results of the proposed model with
Model I, it can be found that as the load current increases, if the correlation between the
measurement errors and the load current is neglected, the reliability will be overestimated.
This is because, compared with the real measurement errors, the assumption in Model I
averages the dispersion of measurement errors over different load currents. As a result,
at higher load currents, Model I underestimates the dispersion of measurement errors,
thereby causing an overestimation of reliability.

Based on the above analysis, Model I, Model II, and Model III all fail to accurately
evaluate the reliability of the DC/DC converters, especially under the conditions of high
load current. Therefore, the mission and maintenance management based on the evaluation
results of these models would increase the risk of system failure. In contrast, the model pro-
posed in this paper takes the effect of the load current on measurement errors into account,
and thus captures the randomness of measurement errors more accurately. Meanwhile,
the proposed model incorporates the constraint between the power-on voltage and the
power-off voltage, enabling a more comprehensive characterization of the failure criteria of
the DC/DC converters, thereby ensuring the accuracy of reliability assessment results.

Based on the test data of the 20 DC/DC converters in Figures 3 and 4, we estimate
the reliability curve as shown in Figure 8. To further demonstrate the generalizability
of the estimated reliability results, we conduct cross-validation, and compare the esti-
mated reliability curve obtained based on the test data of the 20 DC/DC converters in
Figures 3 and 4 with the empirical reliability curve obtained based on the test data of the
20 additional DC/DC converters in Figures 9 and 10. It can be observed from Figure 11 that
the estimated reliability fits the empirical reliability well, indicating good generalizability
to other batches.

The reliability estimation results of the DC/DC converters provide important guid-
ance for reliability-oriented design and maintenance strategies. The results demonstrate
that the reliability of a DC/DC converter decreases significantly under high load current
conditions. To mitigate this decrease, one potential approach is to improve the uniformity
of internal components across different DC/DC converters. Enhancing component uni-
formity can effectively reduce unit-to-unit heterogeneity among DC/DC converters and
weaken performance uncertainty, thereby enhancing reliability. Furthermore, the observed
reliability decrease under high-load conditions highlights the necessity of developing load-
dependent maintenance strategies. Maintenance frequency and level can be determined
according to the actual operating load condition, enabling targeted reliability of a DC/DC
converter. Such load-dependent maintenance strategies can reduce unexpected failures
and improve availability.
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5. Conclusions

In this study, a reliability assessment method for the DC/DC converters in AgO-Al
batteries is proposed, innovatively incorporating the constraint between the power-on
voltage and the power-off voltage, as well as the impact of the load current on random
measurement errors. Firstly, the relationship between the power-on voltage and the load
current, and the relationship between the power-off voltage and the load current, are
modeled by comprehensively taking the effects of unit-to-unit heterogeneity and random
measurement errors into consideration. Then, the model parameters are estimated by
using the MLE method through matrix operations, and a reliability calculation method is
established by considering the constraint between the power-on voltage and the power-
off voltage. In the case study, the effect of the load current on measurement errors is
validated, and the results indicate that the spread of measurement errors increases with
the load current. In addition, the calculation results show that the K-S statistic of the
proposed method is at least 86% lower than the compared methods, indicating a more
accurate reliability assessment. Moreover, the comparison of the estimated reliability results
demonstrates that the reliability of the DC/DC converters will be overestimated, if the
constraint between the power-on voltage and the power-off voltage is ignored. In that
way, the mission and maintenance management based on the overestimated result will
increase the failure risk of the system mission. Furthermore, the estimated reliability results
show that when the load current increases, the reliability of the DC/DC converter rapidly
decreases. Thus, to ensure the successful execution of system tasks, it is essential to optimize
the DC/DC converter, enhancing its reliability under high load current conditions.

This study is focused on the reliability assessment of DC/DC converters, and provides
some suggestions for design and maintenance strategies according to the reliability esti-
mation result. However, how to utilize the reliability assessment result to quantitatively
optimize the design and plan maintenance strategies is not discussed in detail. In the
future, the optimization method of DC/DC converters can be investigated for high load
current conditions, and maintenance strategies based on the proposed reliability assessment
methods can be developed for DC/DC converters.
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Abbreviations

The following abbreviations are used in this manuscript:

AgO-Al  Silver oxide—aluminum
DC/DC Direct current/direct current

MLE Maximum likelihood estimation
PDF Probability density function

GA Genetic algorithm

SW Shapiro-Wilk

AIC Akaike information criterion
K-S Kolmogorov-Smirnov
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