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Abstract—This paper presents a prognostics approach which
detects the performance degradation of multilayer ceramic
capacitors under temperature-humidity-bias conditions, and
then predicts remaining useful life. In the tests, three
performance parameters (capacitance, dissipation factor and
insulation resistance) were monitored in-situ. By comparing the
predicted results with the experimental results, the prognostics
approach provided advanced warning of failures for capacitors
and predicted their remaining useful life.
Index Terms—failure prognostics,
multilayer ceramic capacitor

P

health

monitoring,

involves evaluation of reliability based on relevant failure
mechanisms and failure models. However, it is not always
feasible to assign failure mechanisms to a product due to its
architectural complexity and insufficient knowledge of the
actual application environment. In situations like these, a
product’s remaining life can be determined by analyzing
parameters that indicate the product’s performance [4]. By
analyzing trends within the data, precursors can be derived
from one or more parameters that anticipate the changes that
the product will experience in time. With the appropriate
selection of precursors, one can extract features from the
product that used to better describe the current and future
state of health of the product.

I. INTRODUCTION

ROGNOSTICS is a process for predicting the future
health state of a system by assessing the deviation or
degradation from its expected normal conditions [1][2].
There is now a growing interest in predicting the future
health of electronics to provide advanced warning of failure,
minimize unscheduled maintenance, improve fault
identification (including intermittent failures), optimize
qualification methods, and enhance the design of future
products.
Multilayer ceramic capacitors (MLCCs) are widely used
in electronic products to perform functions such as noise
reduction (bypass), DC blocking, filtering, timing, tuning,
and energy storage. Thus, the health of these capacitors is
important for the proper functioning of many electronic
products. Previous studies [3][4] have found that multilayer
ceramic capacitors (MLCC) exhibit a variety of behaviors
during degradation, including parametric drift and
intermittent failures. The objective of this study is to
develop an approach to detect failures, identify failure
precursors, and calculate remaining life.
Physics-of-failure based analysis of electronic products
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II. EXPERIMENTS
In this study, 96 multi-layer ceramic capacitors (MLCC)
were selected for in-situ monitoring and life testing in
elevated temperature (85°C) and humidity (85% RH)
conditions with one of 3 DC voltage bias levels: rated
voltage (50 V), low voltage (1.5 V), and no voltage (0 V).
Four MLCC types were included, two of which were
flexible-termination MLCCs and two were standardtermination MLCCs. For each end-termination type, a group
of MLCCs with precious metal electrodes (PME) made of
silver-palladium and a group of MLCCs with base metal
electrodes (BME) made of nickel were selected. Table 1
summarizes the test conditions and sample sizes for each
voltage level used for temperature, humidity, bias (THB)
testing of each type of MLCC. Before exposure to the THB
condition, the printed circuit boards containing the MLCCs
were preconditioned with 20 temperature cycles ranging
from -55°C to 125°C with a ramp rate of 5°C/minute and
dwell time of 15 minutes at both high and low extremes of
temperature. The temperature cycling screening process did
not generate any failures.
An electrical circuit was designed for biasing the
capacitors during THB testing and measuring their electrical
parameters. In this study, the insulation resistance (IR),
capacitance (C), and dissipation factor (DF) were monitored
in-situ during testing. An LCR meter was used to measure
capacitance and dissipation factor. A high resistance meter
was used to measure insulation resistance. In order to limit

leakage current in case of capacitor shorting during THB
testing, a 1 MΩ resistor was placed in series with each
capacitor. In this setup, 96 capacitors were tested together
and a multiplexer and datalogger allowed the measurement
of electrical parameters for each capacitor once every 200
minutes. The total THB test lasted for around 1240 hours.
Table 1. Test matrix and number of failures of MLCCs
during 1240 hours of THB testing at 85°C and 85% RH
No. of
ManufEndElectrode Bias No. of Insulation
acturer termination Type (V) Samples Resistance
Failures
A
Flexible
PME
50
10
5
A
Flexible
PME
1.5
10
A
Flexible
PME
0
4
1
B
Flexible
BME
50
10
B
Flexible
BME
1.5
10
B
Flexible
BME
0
4
B
Standard
BME
50
10
B
Standard
BME
1.5
10
B
Standard
BME
0
4
C
Standard
PME
50
10
C
Standard
PME
1.5
10
C
Standard
PME
0
4
2
Sum 96
8
PME: precious metal electrode; BME: base metal electrode
The failure criteria in this study were defined as an IR
drop to a value of less than 107 Ohms, or a change in
capacitance of 10%, or a doubling of the dissipation factor,
maintained for five consecutive readings during the THB
test. These failure thresholds were consistent with those
used in previous studies of MLCCs [4]. In this study, all
failures were firstly found by the IR drop. Five consecutive
readings were used to prevent erroneous identification of
precursors due to noise in the electrical measurements. If the
failure did not recover, it was considered a permanent
failure; if the failure self-healed later, it was considered a
“strong” intermittent failure. And finally, when the IR was
less than 107 Ohms for fewer than 5 consecutive readings
and self-healed later, it was defined as a “weak” intermittent
failure. Only permanent failures and “strong” intermittent
failures were considered as MLCC failures in this study. The
number of observed MLCC failures is summarized in the
last column of Table 1.
III. PROGNOSTICS APPROACH
In order simplify the presentation of the prognostics
approach, the initial discussion will focus on a subset of the
test population that involved ten capacitors from
manufacturer A with flexible end-terminations, PME

electrode type, and 50V DC bias (shown in the second row
of Table 1), since many failures were observed in this group.
The results for the remaining capacitors will be summarized
at the end of this section.
The prognostics approach used in this study is regression,
residual, detection and prediction analysis (RRDP), which
shown in Figure 1. The first step was to select the survived
capacitors as the training data set. From the training data set,
we could calculate the mean and standard deviation for each
parameter (IR, C and DF) using Equations (1) and (2). Then
the data normalization was performed for each parameter
using Equations (3), (4) and (5). Figure 2 to Figure 4 show
the normalized values for the five survived capacitors of IR,
DF and C respectively. In these figures, the X-axis is the test
time for each capacitor (repeated for each of the five
capacitors), and the Y axis is the normalized value for IR, C
and DF. The figures show the increasing or decreasing
trending behaviors. It was also observed that for individual
capacitors, parameters C, DF, and IR are correlated with
each other, but when all survived capacitors’ data are
combined together, the sensitivity of the prognostics
algorithm to anomalies is reduced. That is because C has
different initial values, though its degradation trends are the
same. Therefore, in this study when we performed the
subsequent regression analysis, we did not use the
capacitance (C) data.
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where μ and σ are mean and standard deviation.
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where IRi, DFi, and Ci are i-th sample for IR, DF and C,
respectively, and NIRi, NDFi, and NCi are the normalized
IRi, DFi, and Ci, respectively.

Obtain training data

Obtain new incoming data

Calculate the mean and standard deviation
Perform data normalization

Perform data normalization

Perform regression analysis to identify
relationship between multiple parameters
Calculate the residual between observation
and estimation

Calculate the estimated value using
relation from training data set

Build the training residual space from
training data set

Calculate new residuals between
observation and estimation

Detect anomalies
Predict remaining useful life
Figure 1. Regression, residual, detection and prediction analysis
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Figure 2. Normalized IR value for five survived capacitors
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Figure 3. Normalized DF value for five survived capacitors
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Figure 4. Normalized C value for five survived capacitors
After normalization, regression analysis was performed to
build a relationship between the normalized IR (NIR) and
the normalized DF (NDF), as shown in Figure 5. Equation
(6) shows the regression fit for the relationship between the
NIR and the NDF. In addition, 95% confidence bounds for
the fit are given in the figure. The upper outliers (outside the
upper bound of the 95% confidence interval) represent high
values of IR which did not contribute to the capacitor
failure, since IR failures only result from a drop in IR, as
stated before. Therefore only lower outliers were taken into
account. The difference between the dotted and fit lines was
recorded as the residual value. When all of the residual
values were binned and plotted as a distribution, we could
obtain the healthy residual space shown in Figure 6.
When the new incoming IR and DF data were obtained,
data normalization was performed using the mean and the
standard deviation calculated from the training data set. The
estimated NIR was then calculated from the relationship
(Equation (6)) obtained from the training data set. After that,
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Figure 5. Relationship between NIR and NDF
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Figure 7. Residual of NIR from failed capacitor #3
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the residual was obtained from the observed NIR and the
estimated NIR. By comparing this new residual value with
the healthy residual space, it was possible to perform
anomaly detection. In Figure 6, a dotted line was marked
representing the 95% confidence interval (CI) bound and
another representing 99.9% CI bound. If a new residual
value was on the left hand side of the 95% bound, it was
considered an advanced warning of failure; if the residual
was also outside the 99.9% bound, it was defined as an
estimated failure.

5

Residual of Normalized IR

Figure 6. Residual distribution for survived capacitors
Figure 7 shows the degradation trend of the residual value
of one failed capacitor (capacitor #3). It gave an advanced
warning of failure when the residual value crossed the 95%
CI bound at hour 720. The estimated time to failure was
when the residual value cross the 99.9% CI bound at hour
806. From the experiment and the failure definition listed in
the previous paragraph, the real experimental failure
occurred at hour 853.

0

From the advanced warning of the estimated failure, the
residual value showed a trend that could be used to perform
remaining life prediction. The prediction model chosen in
this study is referred to as a grey prediction model. The steps
used in the grey prediction model are shown in Figure 8
[5][6][7]. The accumulated generating operation (AGO) was
used to transform an original set of data into a new set that
highlights trends but has less noise. The inverse
accumulated generating operation (IAGO) was used to get
the inverse data series from the AGO. This was used to
transform the forecasted AGO data series back into the
original data series. The detailed approach explaining the
grey prediction model can be found in references [5][6][7].
Compared with other prediction models, such as the linear,
the exponential, and the polynomial prediction models, the
grey prediction model gives a more precise and accurate
prediction [7]. In addition, assumptions regarding statistical
distributions of data are not necessary when applying the
grey prediction model. Compared with the auto-regressive
(AR) model and the auto-regressive integrated moving
average (ARIMA) model, the grey prediction model requires
less data to achieve a similar level of accuracy [5]. Also, the
grey prediction model regards the newest data as more
important than old data. The old data is updated using new
data, which produces more accurate results when
approaching the actual failure point.
Obtain the original data series: X(0)
Develop the AGO data series: X(1)
Calculate the model parameters using
the least square method
Predict the future point X(1)
Apply the IAGO to predict values for the
original data series X(0)

Figure 8. Steps of grey prediction model

The prediction result obtained using the grey prediction
model for capacitor #3 is shown in Figure 9. The prediction
algorithm was triggered when the residual value crossed the
95% CI line. It used two data above the 95% CI bound and
four new incoming data to make the initial prediction. The
predicted failure time was hour 753. When new incoming
data were obtained, the updated prediction result was more
accurate (hour 800).
0
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Figure 9. Prediction results for capacitor #3
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But in some situations, the advanced warning threshold
(95% CI bound) could not provide an early warning since
the failure occurred suddenly. One example was capacitor
#7, shown in Figure 10 and Figure 11. Before the permanent
failure at 1118 hours, capacitor #7 had a total of three
advanced warning signals. The first one occurred at hour
853. At the same time, a “strong” intermittent failure of
capacitor #7 was observed as the original IR value dropped.
From Figure 10, we can see that the failure happened
suddenly, and there was no real early warning. One
recommendation is to measure the parameters more
frequently. If we were to measure the parameters every three
seconds rather than every three hours, this might provide an
early warning. The second advanced warning signal
occurred at hour 939 and quickly recovered. The experiment
detected no failure during that time period. The third
advanced warning signal occurred at hour 1111, producing
an estimated time to failure of 1128 hours. Permanent failure
was observed at hour 1118 from experiment.
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Figure 11. Residual of NIR from failed capacitor #7

All failed capacitors from the subset of ten capacitors are
summarized in Table 2. From the table, we can see that
among the five failed capacitors, all of the failures can be
detected. If the distance from the advanced warning to the
real failure is too short, the accuracy of the prediction result
is affected.
Table 2. Summary of the first five failed capacitors
Time of Predicted
advanced
failure time
Capacitor
Failure time from
warning
based on grey experiment (hours)
No.
of failure model before
(hours) update (hours)
#3
720
753
853 (permanent failure)
#6
836
883
962 (permanent failure)
853
856
853 (“Strong”
intermittent failure)
#7

#8
#10

939

Not available

No failure observed

1111

1125

317

405

218

218

1118 (permanent
failure)
317 (“Strong”
intermittent failure)
218 (permanent failure)

This approach was repeated for all 96 capacitors listed in
Table 1, and the results of the tests are summarized in Table
3. It was found that training used to determine the
relationship between multiple parameters of capacitors only
depended on the capacitor and not on the test conditions
(different DC bias). Out of 96 capacitors, the 8 failed
capacitors could be detected by residual analysis with no
missed alarms. Five out of the eight capacitors that failed
gave advanced warning of failure. Among the other 88
survived capacitors, there were eight false alarms. An
investigation of the cause of the false alarms found that they
shared similar behaviors to that shown in Figure 12: there
was one drop of data below 10^7 Ohms, which was defined
as a “weak” intermittent failure, but it was not considered a
capacitor failure in the study. This means the approach being
used provided a conservative result and was highly sensitive
in detecting failures.

Table 3. Summary of all 96 capacitors
failures No. of
No. of No. of
Manufacturer Termination DC bias (V) samples
from
failures
experiment
detected
50
10
5
5
A
Flexible
1.5
10
0
0
0
4
1
1
50
10
0
0
B
Flexible
1.5
10
0
0
0
4
0
0
50
10
0
0
B
Standard
1.5
10
0
0
0
4
0
0
50
10
0
0
C
Standard
1.5
10
0
0
0
4
2
2

Insulation resistance (Ohms)
_

1.0E+10

No. of
existing
precursors
3
0
0
0
0
0
0
0
0
0
0
2

No. of
false
alarms
0
0
0
0
0
0
1
0
0
2
3
2

IV. CONCLUSIONS
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Figure 12. IR recorded for capacitor #70

A prognostics approach was developed to detect and
predict failures using a multi-parameter regression, residual,
detection and prediction analysis (RRDP). It showed good
promise for detecting failures and providing advanced
warning of failure in THB tests of multilayer ceramic
capacitors. The healthy residual space was established from
the training data set. The new incoming residual values
calculated from multiple parameters were compared with the
healthy residual space for anomaly detection. The grey
prediction model was then used to perform a remaining life
calculation.

The study presented in this paper found that the training
process for the prognostics approach depended only on the
capacitor type, and not on the test conditions (such as
different DC bias levels). For 8 failed capacitors out of the
96 capacitors, all failures could be detected with no missed
alarms. 5 out of the 8 failed capacitors yielded advanced
warning of failure. In addition, a further 8 out of the 96
capacitors were observed to have false alarms, which were
normally caused by “weak” intermittent failures.
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