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Abstract
Aerospace relays are extensively utilized in critical fields such as national de-
fense and the aerospace industry. Consequently, investigating their storage life
is of paramount importance for enhancing the reliability of aerospace relays.
At present, the majority of literature based on performance degradation data
is confined to the study of single characteristic parameters, whereas numerous
products feature multiple performance degradation indicators. Addressing the
characteristic that aerospace relays possess multiple performance parameters,
this paper proposes a degradation distance analysis method, incorporates prin-
cipal component analysis (PCA) to integrate multiple characteristic parameters,
and provides a method for solving parameter weighting factors. The contact
resistance Rj, pull-in time Tx, and release voltage Us of aerospace relays are
selected as the three parameters in this study, through which storage life pre-
diction is realized, and the method is validated using actual measurement data.
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Abstract

Aerospace relays are widely used in critical fields such as national defense and
aerospace industries. Studying their storage life is therefore of great signifi-
cance for improving reliability. Currently, most literature based on performance
degradation data is limited to single characteristic parameters, whereas many
products exhibit multiple performance degradation features. Addressing the
multi-parameter characteristics of aerospace relays, this paper proposes a degra-
dation distance analysis method and introduces Principal Component Analysis
(PCA) to fuse multiple characteristic parameters, providing a method for solv-
ing parameter weighting factors. The contact resistance Rj, pick-up time Tx,
and release voltage Us of aerospace relays are selected as parameters for storage
life prediction, and the method is validated using measured data.

Keywords: Life prediction, degradation distance, multiple characteristic pa-
rameters, principal component analysis
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1 Introduction
Aerospace relays are extensively employed in critical equipment for national de-
fense and aerospace applications, where they must perform vital functions such
as electrical signal transmission, circuit isolation, and relay protection under
harsh environmental conditions including extreme temperatures, high humid-
ity, and high-frequency vibration. In practical operation, the failure of a single
relay can cause complete system paralysis, necessitating reliable long-term per-
formance. For some relays, storage duration far exceeds actual service time [1].
During storage, continuously changing environmental conditions cause perfor-
mance degradation, potentially rendering relays non-operational when finally
deployed. Therefore, predicting the storage life of aerospace relays is crucial
for ensuring extremely high reliability and longevity requirements in special en-
vironments and for avoiding significant economic losses from potential failures
[2].

Traditional life testing methods for relay reliability assessment and lifetime pre-
diction face numerous challenges, including high costs and limited failure data,
often yielding ineffective results. Since failure mechanisms in service can ulti-
mately be traced to underlying performance degradation processes, degradation
data analysis has become an effective and cost-efficient approach for perfor-
mance evaluation [3].
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2 Problem Description
Product performance degradation may cause changes in one or several charac-
teristic parameters, requiring evaluation of key parameters based on product
functionality and comprehensive consideration of these parameters to assess op-
erational status or performance. Particularly for complex systems, performance
must often be reflected through multiple parameters that require integrated
evaluation [4]. In research on performance degradation data analysis, literature
addressing multiple degradation parameters typically assumes that joint proba-
bility density functions follow certain multivariate distributions. For example,
reference [3] assumes multivariate performance degradation data at inspection
times follows a multivariate normal distribution, while reference [5] uses joint
probability density functions to characterize product failure probability density.
Other approaches assume degradation patterns follow Wiener or Poisson pro-
cesses and calculate failure times using predetermined single-parameter failure
thresholds [6-8], thereby neglecting scenarios where failure thresholds may vary
under correlated multi-parameter degradation conditions.

This paper proposes a degradation distance analysis method to address multi-
parameter and multi-threshold challenges. The following assumptions are re-
quired for this analysis:

(1) The degradation of each performance parameter over time is irreversible
[9].

(2) Multiple performance degradation parameters may be correlated or inde-
pendent.

(3) Product failure is determined when any degradation parameter reaches its
specified failure threshold.

3 Data Preprocessing
Accelerated storage degradation tests were conducted on 25 aerospace relays of
a specific type under constant stress at 125°C, collecting three electrical charac-
teristic parameters: contact resistance Rj, pick-up time Tx, and release voltage
Us. The maximum value of contact resistance at the contacts was taken as the
product’s contact resistance value. The specified thresholds were 50 mΩ, 8 ms,
and 2.5 V, respectively. Table 1 presents the characteristic measurement data
for relay #17 from the storage test.

Measurement devices inherently contain errors, and external environmental dis-
turbances introduce noise into the measured characteristic variables. To reduce
interference effects and minimize measurement randomness, it is necessary to
perform smoothing preprocessing on the data. This paper employs moving av-
erage filtering to smooth each of the three characteristic parameters.

chinarxiv.org/items/chinaxiv-201903.00080 Machine Translation

https://chinarxiv.org/items/chinaxiv-201903.00080


4 Parameter Degradation Distance Analysis
In most practical problems, the stable trend of performance parameters indicat-
ing product operational status is monotonically increasing or decreasing. From
initial performance degradation to final failure, parameter values develop to-
ward their failure thresholds. As test time extends, the distance between each
performance parameter value and its failure threshold decreases. When the
parameter value approaches the failure threshold infinitely closely (i.e., the dis-
tance approaches zero), product failure ultimately occurs. This phenomenon
reflects the irreversibility of the degradation process. Figure 1 illustrates this
degradation process using two performance parameters X� and X�.

Assuming a product has L performance degradation parameters X�, X�, ⋯, X�,
the distance between the performance degradation parameter value and its fail-
ure threshold at time t is |X�(t) - X��|, denoted as D(t). The distance between
multiple performance parameters and their thresholds at time t is defined as:

𝐷(𝑡) =
𝐿

∑
𝑗=1

𝑤𝑗 ∣𝑋𝑗(𝑡) − 𝑋𝑓
𝑗 ∣

where w� (j = 1, 2, ⋯, L) are weighting factors assigned according to the prac-
tical importance of each characteristic parameter. Analysis of the distance
between parameter values and failure thresholds at a given time effectively re-
flects product performance trends. Therefore, the key challenges in performance
degradation analysis are identifying important parameters from numerous candi-
dates, determining weighting factors among parameters, and establishing failure
thresholds after data transformation.

4.1 Principal Component Analysis for Fusing Characteristic Parame-
ters

Principal Component Analysis (PCA) is a commonly used feature extraction
method that reduces multidimensional feature space while extracting correla-
tions among all characteristic parameters. It has been widely applied in sensor
signal extraction, power generation forecasting, and condenser fault diagnosis.
PCA transforms original data linearly into principal components with lower di-
mensionality that retain maximal original information. For a data matrix X�×�
where each column X� corresponds to a feature vector and each row represents
an observation sample, PCA essentially performs eigenvector analysis on its
covariance matrix. When feature vectors have different units or significantly
different magnitudes, the range transformation in Equation (2) is applied to
normalize matrix elements between 0 and 1.

𝑥′
𝑖𝑗 = 𝑥𝑖𝑗 − min1≤𝑘≤𝑛 𝑥𝑘𝑗

max1≤𝑘≤𝑛 𝑥𝑘𝑗 − min1≤𝑘≤𝑛 𝑥𝑘𝑗
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In this paper, the three characteristic parameters—contact resistance Rj, pick-
up time Tx, and release voltage Us—form the data matrix X��×�. PCA of X��×�
yields three principal components Y� (i = 1, 2, 3). When characteristic param-
eters are correlated, variation in X��×� is primarily captured by the first few
principal components. PCA computation yields the following coefficient matrix
for the three principal components:

⎡⎢
⎣

0.0444 0.8702 −0.4907
0.0755 0.4868 0.8702
0.9966 −0.0757 −0.0441

⎤⎥
⎦

When applying PCA for data compression and feature extraction, the cumu-
lative contribution rate of retained principal components must exceed 85% to
ensure that discarded information does not affect overall data analysis, as shown
in Table 2.

The cumulative contribution rate of the first and second principal components
already exceeds 85%. PCA thus eliminates redundant and interfering informa-
tion among multiple parameters while the first two principal components suffi-
ciently reflect variation information from the original multidimensional features.
Therefore, the third principal component can be omitted, achieving dimension-
ality reduction. The first principal component, with the largest contribution
rate, preserves the majority of correlations among characteristic parameters and
reflects their variation. The second principal component, when principal com-
ponents with smaller contribution rates are ignored, represents a comprehensive
embodiment of error information between original data and the first principal
component, reflecting uncertainties and interference factors in parameter varia-
tion.

From the coefficient matrix, the expressions for the first principal component
Y� and second principal component Y� are:

𝑌1 = 0.0444𝑥1 + 0.8702𝑥2 − 0.4907𝑥3

𝑌2 = 0.0755𝑥1 + 0.4868𝑥2 + 0.8702𝑥3

The time series of the first and second principal components can be further
obtained from these equations.

4.2 Determination of Principal Component Weight Factors

The contribution rate of the j-th principal component represents the percentage
of total system information contained in that component, indicating its relative
importance. The weighting factor �� in Equation (1) represents the importance
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of each parameter, corresponding to its information content. When q principal
components are selected, the weighting factor is calculated as:

𝜔𝑗 = 𝜆𝑗
∑𝑞

𝑗=1 𝜆𝑗

where �� is the eigenvalue of the j-th selected principal component. Here, two
principal components Y� and Y� are extracted. Using Equation (5), the numer-
ical values of weighting factors �� and �� can be calculated.

4.3 Determination of Multi-Parameter Failure Thresholds

During performance degradation data analysis, original data undergoes range
transformation to eliminate dimensional differences among parameters, followed
by principal component analysis. Consequently, when failure thresholds are
specified for individual performance parameters, these thresholds cannot be used
directly but must undergo corresponding transformations to remain valid.

During product degradation, performance 指标 values exhibit long-term increas-
ing or decreasing trends, forming degradation trajectories. Each parameter’s
failure threshold corresponds to the maximum or minimum value on its degra-
dation trajectory. Based on the range transformation formula and data trends,
specified failure thresholds can be transformed accordingly. The specified thresh-
old vector for contact resistance Rj, pick-up time Tx, and release voltage Us is [50
mΩ, 8 ms, 2.5 V], which becomes [1, 1, 0] after range transformation. Through
PCA analysis using Equations (3) and (4), the three-parameter threshold vector
is transformed into two principal component thresholds: Y�� = 0.91 and Y�� =
0.56.

4.4 Principal Component Degradation Distance Analysis

Substituting the time series values Y�(t) and Y�(t) and the weighting factors
from Equation (5) into Equation (1) yields the numerical results shown in Table
3.

Plotting these points and performing curve fitting using the least squares
method produces the linear relationship shown in Figure 2. The discrete points
are uniformly distributed on both sides of a straight line, allowing linear fitting:

𝐷(𝑡) = 𝑝1𝑡 + 𝑝2

where the function coefficients are p� = -0.0088679 and p� = 1.1615.

Product failure occurs when the principal component parameter threshold dis-
tance function D(t) = 0. Solving this yields t = 130, indicating a pseudo-failure
life of 130 weeks for the product under 125°C stress conditions. In practical
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applications, the lifetime variation among relays of the same type under identi-
cal test conditions is small. Therefore, this method was applied to degradation
data from other aerospace relays for analogous validation. If similar lifetime
values are obtained for other relays, the method demonstrates applicability and
accuracy.

For validation, relays #3, #5, #8, and #13 were randomly selected from the 25
test relays. Applying the method to their measured data yielded the principal
component degradation distance time series shown in Table 4.

Life prediction based on the time series for these four relays produced pseudo-
lifetime values of t� = 117, t� = 114, t� = 140, and t� = 150 weeks. Letting
the pseudo-lifetime value for relay #17 from Table 3 be t�, the mean pseudo-
lifetime for the five relays is T = (t� + t� + t� + t� + t�)/5 = 130.2 weeks, with a
standard deviation D = std(t) = 15.2 weeks. These results demonstrate that the
predicted lifetimes for randomly selected relays under 125°C stress conditions
are similar, indicating that the method is applicable to other relay data with
reasonable accuracy, enabling storage life prediction based on multi-parameter
performance degradation of aerospace relays.

5 Conclusion
(1) Accelerated storage tests can obtain critical information about relay char-

acteristic degradation within relatively short timeframes, enabling storage
life prediction for aerospace relays through degradation data analysis.

(2) This paper provides a novel approach for analyzing multi-parameter
degradation data—the principal component parameter degradation
distance analysis method. It defines the degradation distance between
parameters and their corresponding thresholds, introduces PCA, and
presents a method for determining weighting factors for different principal
component parameters in degradation distance analysis. Finally, the
method successfully predicts aerospace relay storage life.

(3) The proposed method addresses limitations of existing approaches based
on multivariate joint probability density function assumptions and com-
plex solution processes. Particularly as the number of performance pa-
rameters increases, the principal component degradation distance analysis
method significantly reduces computational complexity.

(4) While linear fitting enables direct and rapid storage life prediction from
principal component degradation distances, prediction accuracy directly
depends on the quality and quantity of distance data, presenting certain
limitations that require further research and improvement.
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