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Abstract— SEL is a serious obstacle to use of state-of-the-art 
microelectronics, and a priori prediction of SEL susceptibility has 
proven elusive. We develop SEL risk-assessment tools based on 
analysis of large archives of SEL test data for unhardened CMOS 
parts.  Results include a flexible method for bounding SEL rates 
even with minimal test data. 
 

Index Terms— Single-event effects, single-event latchup 
reliability estimation, quality assurance; statistical techniques 

I. INTRODUCTION 
ingle-Event Latchup (SEL) remains a persistent and 
difficult obstacle to the confident use of state-of-the-art 
microelectronics in high-radiation environments.  Even 

parts not fabricated mainly in Complementary Metal-Oxide-
Semiconductor (CMOS) may be vulnerable due to CMOS 
control logic, Input-Output (IO), etc.  Improving the odds by a 
priori prediction has proved difficult because there are no 
consistent trends with respect to vendor, process, function, etc. 
[1-7].  Screening with protons (useful for revealing common 
nondestructive Single-Event Effects (SEE) [8]) is often 
ineffective due to the short ranges of proton recoil ions and the 
deep sensitive volumes (SV) typical of SEL [9-12].  The 
difficulty of predicting SEL susceptibility is unfortunate, 
because SEL behavior is highly variable and can pose 
significant threats to part and system reliability.  Roughly half 
of unhardened CMOS parts are SEL susceptible, and in 50% of 
these parts, SEL can be destructive [4].  SEL rates vary across 
more than 6 orders of magnitude, with a few percent of parts 

having rates exceeding one per month even in relatively benign 
radiation environments [5-7].  When SEL is not destructive, it 
can result in latent damage [13,14] that degrades subsequent 
reliability, and even if truly nondestructive, SEL requires 
disruptive intervention, such as cycling power to the device.  
Also, the most common circuit-level mitigation—a monitoring 
circuit to protect against overcurrent and cycle power to recover 
functionality—may be unwieldy or ineffective due to the 
variability of SEL response and the need to ensure that it 
protects against latent damage as well as catastrophic failure. 
The detection circuit can also produce spurious resets due to 
single-event transients in the detection circuitry [15-17].  

An alternate approach to prediction via part similarity 
involves analyzing datasets with as broad a variety of SEL 
susceptible parts as possible.  Such analyses can yield insights 
into the likelihood a generic unhardened CMOS part will 
exhibit SEL, whether SEL is likely to be nondestructive or 
destructive and whether these proportions differ for different 
part types, vendors, processes, etc. [4].  They can also be used 
to examine variability in SEL rates or in the fit parameters to 
SEL cross section (σ) vs. Linear Energy Transfer (LET) curves 
that determine rates [5,6].  Moreover, understanding part SEL 
response in historical tests can provide guidance for how to 
investigate gaps in our current understanding, such as dealing 
with the threat of latent damage for parts where SEL is not 
immediately destructive [13,14].   

The types of analyses that can be carried out with a broad 
dataset of part SEL susceptibilities depend on the quality of the 
data.  If a dataset contains a large proportion of go/no-go tests 
at only a few LET values, it will likely be impossible to 
accurately estimate SEL rates or fit parameters for the cross 
section vs. LET.  On the other hand, if the database includes 
data only for parts that are SEL susceptible, it will not be 
possible to estimate a priori how likely an average unhardened 
CMOS part is to be SEL susceptible or how likely an SEL is to 
be destructive.  However, when different databases are 
analyzed together, the results can often be used to quantify and 
compensate for shortcomings and biases in each dataset, 
presenting a fuller picture of the risks posed by a potentially 
susceptible device in a hardware design. 

Here, we perform statistical and trend analyses on large 
datasets of SEL susceptible parts to develop methods for 
bounding SEL rates in such parts and to map out strategies to 
fill gaps in current knowledge.  One of the datasets used for this 
analysis was compiled by researchers at CERN and published 
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by permission of the compilers (Ruben Garcia-Alia and Andrea 
Coronetti) in [7], where it was used to develop prior probability 
distributions for SEL rates.  We also use the database of SEL 
tests performed by the Jet Propulsion Laboratory (JPL), 
augmenting previous results [4].  We begin by discussing the 
datasets and analysis methods.  We then report results for 
analysis of both the CERN and JPL databases, extracting trends 
and providing guidance for use of the dataset to assess SEL risk.  
We then show that complementary aspects of these databases 
can strengthen the conclusions arising from each. 

II. SEL DATASETS AND METHODOLOGY 
The two datasets used in this analysis include several 

different types of data in varying amounts.  The CERN dataset 
includes data drawn from several sources for over 80 different 
part types.  The full dataset was published [7] (to which, for 
brevity’s sake, we refer the reader for details) in 2023, along 
with the original references of the data.   Although some of the 
entries in this database are go/no-go SEL tests at a single 
qualifying LET level, over 50 of the entries have sufficient data 
for determining the onset LET (LET0) and limiting cross section 
(σs), and over 30 of the part types include sufficient data to 
determine a full Weibull fit to σ vs. LET.  This allows 
correlation- and trend- analyses between Weibull fit parameters 
to be performed.  Examples of how such trends can be applied 
are given in [7] and will be further developed below. 

The other dataset consists of test reports on SEL 
susceptibility for hundreds of potentially susceptible parts, 
which were produced during part qualification for use in 
missions operated by JPL.  Because many of the SEE tests were 
carried out solely to qualify parts for JPL missions, they have 
too few cross-section points for a Weibull fit, or, in some cases, 
even to determine σs and LET0.  The LET of the test ion used 
varied depending on the requirements for the mission.  
However, even such limited data can be useful—for example, 
in estimating the susceptibilities of CMOS devices typically 
used for JPL missions to destructive or nondestructive SEL [4].  
We update these analyses using the more recent test results 
(2016-2023), increasing statistics for the analyses and allowing 
invetigation of any trends in susceptibility over time. 

The analyses are exploratory—looking for trends in the data 
that may be useful for a priori estimation of risks arising from 
SEL susceptibility in unhardend CMOS parts.  However, the 
datasets are complementary, with the CERN data often being 
sufficient to determine at least some Weibull fit parameters 
allowing correlation studies and model development.  On the 
other hand, the shear numbers of parts and the variety of part 
types in the JPL dataset—along with the inclusion of both 
positive and negative tests for SEL susceptibility—facilitates 
assessments of potential risks for a “generic” unhardened 
CMOS part likely to be of interest for NASA missions. 

III. RESULTS: CERN DATASET 
 Although the CERN dataset allows estimation of at least 
some Weibull fit parameters for σ vs. LET, some caveats are in 
order for dealing with such data generally.  Many Weibull fits 
are bounding fits for hardness assurance purposes rather than 
best parametric estimates.  Such a bounding fit tends to 

overestimate σs and underestimate LET0 as well as the Weibull 
width w an shape s.  Moreover, the extent of the conservatism 
varies from one radiation analyst to another and may be 
different for different parts even for the same analyst, 
depending on the criticality of the part application.  While this 
can introduce systematic uncertainties into parametric 
estimates, we refit σ vs. LET when data were available. Also, 
even when only parametric estimates were given, fitting is at 
least guided by the data.  As such, large errors are unlikely and 
any residual errors are unlikely to introduce spurious trends. 
 Fig. 1 shows histograms of the fit parameters (57 parts for 
LET0 and σs and 31 for w and s).  Because σs spans 6 orders of 
magnitude, we have histogrammed ln(σs).  We have also 
calculated the 6 correlation coefficients for each pair of the 4 
Weibull fit parameters (see Table I).  Of these, only the 
correlation between LET0 and σs (-0.23) and that between 
Weibull width and shape (-0.42) exceeded 0.2 in magnitude. 
 

 
Fig. 1. Distributions of Weibull fit parameters, including 57 parts for a) onset 
(LET0) and b) saturation (ln(σs)); and 31 parts for (c) Weibull shape, s; and 
(d) Weibull width, w.   
 

TABLE I: WEIBULL FIT PARAMETER CORRELATION MATRIX 

 
 
Figs. 2 and 3 illustrate the LET0-σs and w-s correlations, 
respectively.  Fig. 2is best fit with a power law trend.  This 
means that the trend for σs can be expressed in terms of LET0: 

 
𝜎𝜎𝑠𝑠~0.012 ∗ 𝐿𝐿𝐿𝐿𝐿𝐿0−1.82 = exp (𝑚𝑚𝑙𝑙𝑙𝑙(𝐿𝐿𝐿𝐿𝐿𝐿0))       (1) 
 
or that for LET0 can be expressed in terms of σs: 
 
𝐿𝐿𝐿𝐿𝐿𝐿0~1.96𝜎𝜎𝑠𝑠−0.192 = exp (𝑚𝑚𝑙𝑙𝑙𝑙(𝜎𝜎𝑠𝑠))         (2) 
 

Ref [7] found variation about the trend could be modeled 
with a lognormal (LN) model with constant LN standard 
deviation sln and the trend ((1) or (2)) as a median.  Since the 
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lognormal mean is the logarithm of the median, the LN mean 
(mln) is just the log of (1) for the distribution of σs given LET0:  
  
P(σs | LET0)=LN(mln(LET0),sln)           (3) 
 
where the best fit sln=2.545.  Similarly, for the distriubution of 
LET0 given σs, mln is the logarithm of (2) above: 
 
P(LET0 |σs)=LN(mln(σs),sln)            (4) 
 
and sln for (4) is 0.82.  Using (3) and (4), if we know either σs 
or LET0 , we can bound the other at a desired confidence (CL).  
 

 
Fig. 2. The correlation between LET0 and σs follows a power law, which 
persists over >100x in LET0 and 6 orders of magnitude in σs. 
 

 
Fig. 3. Although Weibull width w and shape s are correlated, no simple model 
relates the two.  The correlation means they cannot be treated as independent. 
 

Because the trend does not constrain the increase of σ vs. 
LET, rate estimation is impossible.  However, w=0 gives a 
worst-case σ vs. LET (step function at LET0  from 0 to σs): 
 
𝑅𝑅𝐹𝐹𝐹𝐹𝐹𝐹 = 𝐶𝐶𝐸𝐸 × 𝜎𝜎𝑠𝑠

(𝐿𝐿𝐿𝐿𝐿𝐿0 + 𝑤𝑤(0.288)1/𝑠𝑠)2� < 𝐶𝐶𝐸𝐸
𝜎𝜎𝑠𝑠

𝐿𝐿𝐿𝐿𝐿𝐿02
�    (5) 

 
where RFOM is the figure of merit (FOM) rate estimate [18] and 
CE is rate constant for the environment.  The conservatism in 
this bounding rate, RB, will be discussed below. 

Although the trend between w and s in Fig. 3 is evident, it 
does not lend itself to a simple model.  However, it means that 
w and s cannot be treatied independently.  In [7], this was 
resolved by sampling w-s pairs from the 31 parts in the dataset.   

It is useful to view these correlations in terms of the effect 
they have on the Weibull fit and the resulting rate.  The negative 
correlation between LET0 and σs means parts with low LET0 
will likely have high σs, and therefore very high rates, while 
high-LET0 parts likely have very low rates.  The effect of the 
inverse correlation between Weibull width w and shape s is 
more subtle.  High values for both w and s lower rates by 
diminishing the cross section near onset where ion fluxes are 
highest.  For this reason, and because w and s cannot be treated 
independently, in section VI, we examine the combined effect 
for w-s pairs in Fig. 3 on rate relative to the bound given in (5). 

IV. RESULTS: JPL DATASET 
Because the JPL dataset includes test reports for hundreds of 

different part types and is increasing all time, analysis of this 
dataset is still ongoing.  As noted above, much of the data were 
gathered in the course of parts radiation qualification for NASA 
missions, and so may only consist of a go/no-go test to a 
required LET (e.g. 37 MeVcm2/mg for risk-tolerant missions or 
>75 MeVcm2/mg for high-value missions).  It is most useful to 
view such tests as a binomial trial with two possible outcomes 
“Susceptible” and “Not Susceptible,” at the highest test LET.  
(We discuss the implications of the variable test LETs below.)  
The data are also broken up into tranches corresponding to 
various years—e.g. pre-2008, 2010-2015 and post 2015.  This 
makes it possible to examine whether SEL susceptibilities 
exhibit trends over these time intervals.  This is not necessarily 
the same as looking at trends in technology, as even the latest 
years likely include parts manufactured over a broad range of 
CMOS dimensions.  Part functions are also included in the 
database, allowing comparison of the proportions of SEL 
susceptibility from one part function to another.  In examining 
these trends, it is important that the samples not be divided too 
finely, because binomial statistics converge slowly with sample 
size.  As such, we divide the parts into 4 time periods: pre-2012, 
2012-2015, 2016-2019 and 2020-2023 (see fig. 4).  The time-
series from pre-2012 to 2023 shows no statistically significant 
variation in the proportion of parts that are SEL susceptible, 
remaining near 50% for all periods assessed.   
 

 
Fig. 4. The percentage of unhardened CMOS parts susceptible to SEL has 
shown no statistically significant change in over 20 years.  Circles show best 
estimate and error bars 90% confidence interval. 
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We also divide the data into 7 different broad functional 
categories: Analog-to-Digital/Digital-to-Analog Converters 
(ADC/DAC), Field Programmable Gate Arrays (FPGA), Power 
Devices (Voltage/Power Regulators, Converters and 
Supervisors, etc.), Amplifiers (Operational, Instrumentation, 
etc.), Processors (microprocessors, digital signal processors, 
microcontrolers, etc.), High-Density Memory (mainly Dynamic 
Random Access and FLASH memories), and Miscellaneous 
(Drivers, Logic and other device types where statistics do not 
permit reliable estimation).   Susceptibility by function (Fig. 5) 
is more interesting, showing ADC/DAC with significantly 
higher SEL susceptibility (>70% versus ~50% over all CMOS 
parts). Amplifiers and high-density memories show slightly 
lower susceptibilities.  A similar analysis shows no significant 
variation in % susceptibility from one vender to another. 
Qualitative Observations:  Some test reports in the database 
note that the parts failed due to SEL despite current limiting and 
SEL detection circuitry, suggesting that mitigation of SEL 
threats via such methods may not be possible for all parts 
(which will not be known without heavy-ion test data).  Ref. [4] 
found that roughly 50% of SEL susceptible parts latched up 
destructively.  The high proportion of go/no-go tests in which 
destructive SEL susceptibility may not be investigated has 
prevented us from updating this result, although the consistency 
across time for overall SEL susceptibility suggests it will not 
have changed significantly. There is also evidence that latent 
damage remains an issue, as some parts continued working after 
several SELs but then abruptly failed—completely or partially. 
 

 
Fig. 5. Percent of SEL susceptible parts remains consistent across part functions 
at ~50%, with only ADC/DAC significantly higher and amplifiers and HD 
Memories perhaps somewhat lower.   

V. CROSS-CHECKING AND VALIDATING DATASETS 
 Although the datasets examined here include different types 
of data, the use of them to predict risk due to SEL susceptible 
parts is predicated on them portraying a consistent picture of 
SEL across databases.  Validation of this assumption is 
important, but it also provides an opportunity to correct for 
known biases in different datasets.  One of the shortcomings of 
the JPL dataset is that many of the parts were tested only to 
moderately high LET (e.g. 42.6, 37 or even 26 MeVcm2/mg), 
leaving open the question of how likely such a test is to miss a 
part that would have been SEL susceptible at higher LET—and 
thereby underestimating the proportion of SEL susceptible 

parts.  However, the distributions from fig. 1 can correct for 
such biases if we consider the parts therein to be representative 
of SEL susceptible parts.  Fig. 6 shows the data in Fig. 1a) as a 
quantile plot of the % of parts (Q) with LET0 below the LET 
value on the abscissa.  Multiplying the number of SEL-free 
parts tested only up to the abscissa value by the corresponding 
(1/Q-1), one can correct the proportions in figs. 4 and 5 for parts 
that would have latched up at higher LET values (e.g. for 
LETT=26 MeVcm2/mg, one multiplies by 1/0.86-1~0.16).  
Doing this  for all parts tested to LET<60 MeVcm2/mg, the 
proportions change by <3.5%.  Fig. 6 is also useful for test 
planning and risk assessment for potentially susceptible parts. 

Similarly, although a large proportion of the entries in the 
JPL database are go/no-go qualification tests at one or a few 
LET values, a few have sufficient measurements of σ vs. LET 
to provide independent measurements of both σs and LET0.  
These can be examined to determine whether they are 
consistent with the lognormal/power-law-trend model derived 
from the CERN dataset.  Table 2 makes this comparison for the 
11 parts from the JPL database for which this is possible by 
listing the best-fit LET0 versus that predicted (median) by the 
model.  As can be seen, the observed LET0 for all but 1 of the 
11 part types from the JPL database are bounded by the 90% 
confidence interval, and that one falls within the 92% interval.  
Six of the 11 parts fall quite close to the median/predicted value. 
 

 
Fig. 6. Data in Fig. 1a presented as a percentile plot can be used both for test 
planning and for estimating the chances that a part would latchup at LETs 
greater than the highest test LET.  
 
These independent data support the predictive power and utility 
of the model ((3) and (4), above) derived from the CERN data. 

VI. LESS CONSERVATIVE RATE ESTIMATES 
As noted above, the SEL rate bound in (5) is likely to be very 

conservative because it assumes worst-case behavior for σ vs. 
LET constrained by the values of σs and LET0. (step function). 
In [7] the conservatism was estimated for the system-level 
bounding method by assuming the 31 w-s pairs in Fig. 3 are 
representative of the sorts of behavior likely to occur for SEL.  
Here we examine whether a similar assumption can be used to 
bound SEL rates for a desired confidence rather than worst case.   
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Table II: Performance of Predicted vs. Observed LET0 

 
ADI=Analog Devices, Inc., LSI=LSI Logic Corp., LTC=Linear Technology 
Corp. (Now ADI), Maxim=Maxim Integrated (Now ADI), ON Semi=ON 
Semiconductor Corp., QCOM=Qualcomm, Inc., TI=Texas Instruments 
 

To ensure independence from the CERN dataset (the basis 
for the representative w-s dataset), we begin with the 11 parts 
from the JPL dataset listed in Table II.  We estimate RFOM for 
the measured σs and predicted LET0 and each w-s pair in Fig.3, 
as well as the bounding rate given in (5).  Dividing each RFOM 
by RB produces 31 rate ratios, r =RFOM/RB, between 0 and 1.  
Figs. 7a)-7c) give quantile plots (ordered smallest to largest 
with quantile assigned), along with best fits to a β distribution.  
The beta distribution is flexible for fitting data defined between 
0 and 1, and gives a measure of how well behaved (e.g., 
unimodal, decreasing to 0 at 0 and 1, etc.) the distribution is:  
 

𝛽𝛽(𝑟𝑟) = �Γ(𝛼𝛼)Γ(𝛽𝛽)
Γ(𝛼𝛼+𝛽𝛽)

�
−1

× 𝑟𝑟𝛼𝛼(1 − 𝑟𝑟)𝛽𝛽   (0≤r≤1)   (6) 
 
where α, β>0 and Γ(-) is the gamma function of the argument. 

The β fits in Fig. 7 are very good (worst Kullback-Liebler 
divergence between data and fit <0.05 and the worst-case 
R2>0.97), suggesting that the distributions are well behaved.  
The bounding rate in (5) is most conservative when LET0 is 
small (>100x for large w), as expected given the dependence of 
RFOM on w, LET0 and s.  With increasing LET0 the distribution 
moves to the right and becomes broader, and the level of 
conservatism for the bounding rate may be less than ~2-3x.  If 
one wishes to bound the SEL rate less conservatively than the 
bound in (5), one can do so nonparametrically by interpolating 
between the two FOM rates bounding the desired confidence 
below and above.  However, given the good fits of the beta 
distributions, one could equally divide by r corresponding to 
the desired confidence for the appropriate beta distribution.  
Moreover, for 4≤LET0≤40 MeVcm2/mg, the fit parameters for 
the beta distribution follow power laws in LET0 to an excellent 
approximation (see fig. 8).  This procedure allows the w-s data 
from the CERN dataset to be used to provide more realistic 
bounds on SEL rates even in the absence of a simple model 
capturing trends and variability.  In the next section, we use 
these relations as part of a SEL risk management methodology.   

VII. DATA-DRIVEN SEL RISK MANAGEMENT 
The insights derived from the JPL and CERN databases are 

useful when managing SEL-related risks.  First, [4] and the 

additions to it from the JPL database suggest that roughly 50% 
of CMOS parts not specifically hardened against SEL will be 
susceptible to it, and further that 50% of SEL susceptible parts 
can fail destructively.  Moreover, several of the parts in the 
CERN database have SEL rates as high as weeks to months 
between SEL, even in benign environments such as the 
International Space Station.  The potential risks posed by SEL 
are not negligible.  However, the datasets are useful not merely 
for illustrating the risks but also for managing them.   

For example, if an application requires a device that is SEL 
immune, the 50% SEL rate for unhardened parts means that one 
must test ≥4 candidate devices to have >90% chance (1-
(0.5)4>93%) of finding at least one that meets that requirement.  
On the other hand, since ADCs and DACs tend to latch up 70% 
of the time, the number of candidate devices needed to have 
90% confidence of at least one being SEL immune is ≥7.  

Fig. 6 shows that a SEE test with LET as low as 30 
MeVcm2/mg is sufficient to identify 90% of SEL susceptible 
parts, and any that are missed will have SEL rates less than once 
in 10.5 years with 90% confidence (using the model (4) above 
and the bounding rate from (5) for LET=30 MeVcm2/mg). 

In some cases, the bound the bounding rate (5) imposed by a 
worst-case step-function will be deemed too conservative.  In 
this case, one can use the analysis of section VI and bound the 
rate (for example) at a 90% WC LET0 and 90% WC σ vs. LET.  
This reduces the rate for a SEL test with ion LET=30 
MeVcm2/mg to once in 16 years rather than once in 10.5 years. 

However, assuming a 90% WC LET and a 90% WC σ vs. 
LET may still be deemed too conservative.  Moreover, the 
dependence of the effect of w and s on LET0 complicates 
defining the confidence level of the resulting rate.  One can 
instead find a rate corresponding to a given confidence (e. g. 90 
% WC) by sampling over the entire range for both LET0 and the 
corresponding r distirbution, and then selecting the rate for the 
desired quantile (e.g. the 90% WC rate is exceeded by only 10% 
of rates in the sample space).  Fig. 9 illustrates the quantiles 
from 1% to 99% for limiting cross sections from 10-7 to 10-1 
cm2.  Fig. 10 repeats the process, this time as a function of LET0 
(observed, estimated or bounding) for values 2, 5, 10, 30, 40 
and 55 MeVcm2/mg.  For LET=30 MeVcm2/mg, this further 
reduces the 90% WC rate from once in 16 years to once in 25.7 
years.  The above techniques are useful for bounding either 
part-level or system-level rates.  As test data become available, 
rates can be refined, and the system analyses updated with more 
specific rates for each part.   

Usually, in testing, it is easiest to determine σs, as this 
requires only a single, high-fluence run at a sufficiently high 
LET.  However, there remains the question of what constitutes 
a sufficiently high LET to determine σs with confidence.  In 
general, σ curves with large Weibull width w pose the greatest 
difficulty in determining σs.  If s and LET0 are both large, this 
can also pose issues, since curves with large s rise slowly 
initially, before saturating rapidly near LET0 + w.  However, 
high values of LET0, w and s all lower SEE rates, so moderate 
errors in estimating σs are unlikely to drive system-level SEL 
rates.   
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Fig. 7. Ratios of representative FOM rate estimates (using w-s pairs from Fig. 
3) to worst-case bound for a) the 4 parts in Table II with the lowest values for 
LET0; b) the next 4 lowest values for LET0; and c) the 3 highest values for 
LET0.  Also shown are the best fits of the 31 FOM rate ratios for each part to 
a β distribution. 
 

Taking the w-s pairs in Fig. 3 as representative of the rising 
behavior of σ vs. LET for SEL, and assuming LET0 lies within 
below the 90% confidence limit for the model given by (4), we 
determined highest LET required to ensure σ vs. LET reaches 
at least 10%, 30% 50% and 90% of saturation for curves that 
result in an SEL rate of at least 10-6 per day in geostationary 
orbit.  Fig. 11 shows the LET at which the last part among those 
in Fig. 3 reaches the % saturation (worst case LET) as well the 
LET where at least 90% of the parts have reached the % 
saturation (the 90% WC LET).  What this means is that for an 

SEL cross section (or upper limit) at a given test LET, dividing 
by the corresponding percent saturation in Fig. 11 is likely to 
bound σs, while dividing by the 90% WC saturation yields 
~90% confidence of bounding σs.  These bounding values can 
then be fed into (4), and the rate bounded (either very 
conservatively using (5) or using the techniques developed 
above to bound at a known confidence). 
 

 
Fig. 8. The parameters of the β distributions fit to rate ratios in Fig. 7 follow 
power laws in LET0 to a very good approximation. 
 

 
Fig. 9. Bounding SEL rate versus confidence for various limiting cross sections 
assuming the distribution of LET0 (CL|σs) given in (4).   
 

Fig. 10. Bounding SEL rate versus confidence for various onset LETs assuming 
the distribution of σs (CL|LET0) given in (3). 

VIII. DISCUSSION AND FUTURE WORK 
The techniques developed here can provide meaningful 

bounds on SEL rates even with limited σ vs. LET or even 
bounding test data.  However, they are predicated on the data in 
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the CERN and JPL databases being representative of the parts 
under consideration.  The fact that most of the data were 
compiled during testing for a broad variety of space missions 
suggests that the data are consistent with the devices currently 
being considered for such missions.  Moreover, Fig. 4 suggests 
that the basic susceptibilities have changed little over the last 
two decades, suggesting the data will remain representative for 
the foreseeable future.  Another issue with this work is that—
like all empirical trends—it is based on a finite dataset.  With 
the addition of the 11 parts in Table II, the dataset is supported 
by 68 randomly selected (to the extent possible) parts.  If the 
characteristic “supporting the trend” is viewed as a binomial 
variable, 68 parts supporting the trend with none in the 
“nonsupporting-” category suggests with 90% confidence that 
the non-supporting mode contains less than 3.4% of all parts.  
These results assume there is no data selection bias for parts that 
make it into the dataset.  However, whether the goal is 
investigating such biases or improving model accuracy, the 
remedy is adding more data as they become available. 
 

 
Fig. 11. Because some σ vs. LET curves saturate slowly, one cannot be sure 
that a single LET measures the true saturated cross section.  By dividing the 
measured cross section at the highest test LET by the corresponding percentage, 
one can be assured σs is bounded. 
 

Other outstanding issues to be resolved include the risks 
posed by potential latent damage [13,14] in parts exhibiting 
“nondestructive” SEL.  If latent damage proves to be rare, or if 
it is easily detected post testing, this would increase the 
confidence with which parts susceptible to nondestructive SEL 
could be used.  One goal in the review of JPL data was to search 
for parts potentially susceptible to latent damage.  These parts 
will be investigated in a study funded by the NASA 
Engineering and Safety Center (NESC) with results to be 
published later. 

The models discussed here ((3) and (4)) also suggest 
additional work to be done.  In addition to growing the dataset, 
there is also the question is how closely σs must be estimated to 
yield meaningful bounds on the SEL rate.  The last paragraph 
in section VII illustrates the difficulty of being certain a “high-
LET” ion truly measures σs.  However, testing with a maximum 
LET of 80 MeVcm2/mg is sufficient to reach 30% of saturation 
for ~90% of parts.  Is dividing the measured cross section at 80 
MeVcm2/mg by 0.3 sufficient for a bounding rate estimate? 

Another approach that has yet to be investigated is whether 
the techniques outlined above can be implemented in 
conjunction with laser screening of parts for SEL susceptibility  
[19].  Significant progress has been made in translating laser 
threshold energy levels into onset LET0 estimates [20-24].  On 
the other hand, it is difficult and time-consuming to measure σs 
with a laser.  Using (3) would allow rate to be bounded based 
on a laser measurement of LET0. 

IX. CONCLUSION 
The severe consequences of SEL, the prevalence of 

unhardened CMOS, the high incidence of susceptibility, and the 
high SEL rates for some parts combine to place this failure 
mode among the most significant obstacles to the use of state-
of-the-art technologies in high-reliability applications.  
Moreover, the usual approaches to assess susceptibility prior to 
heavy-ion testing (analysis of SEL data for similar parts, proton 
testing, etc.) have proven ineffective.   

Rather than attempt a priori prediction, the current work 
looks in large, diverse databases of susceptible parts for trends 
that can be combined with limited test data specific to parts 
under qualification to bound risk for those parts.  Here we 
examined the CERN database [7] and the JPL database.  With 
over 300 entries (both positive and negative test results), the 
JPL database was used to determine %susceptible, and how the 
proportion varies with part type, vendor, date, etc.   

In [7], the CERN database was used to develop a model 
relating σs and LET0, such that if σs is determined, LET0 can be 
bounded with a desired confidence (and vice versa).  This 
relation was used to develop a conservative approach to 
bounding SEL rates with little data, as a basis for a Bayesian 
prior for under-constrained SEL σ vs. LET and in a method for 
analyzing SEL susceptibilities for systems of varying 
complexity (e.g. # of potentially susceptible parts).   

In this work, we looked at how Weibull parameters w and s 
affect σ vs. LET and the resulting rates.  Taking the broad range 
of behaviors represented by the 31 w-s pairs in the CERN 
database as representative for SEL in unhardened CMOS, we 
developed a method to bound SEL rates at a known confidence 
given only σs or LET0.  Not only does this make it possible to 
bound risk with minimal heavy-ion SEE data, it may allow SEL 
rates to be bounded using pulsed laser testing if equivalency 
between LET and laser pulse energy can be determined. 

We have also illustrated the complementary nature of 
different databases.  The JPL database provides additional data 
that support the trends observed in the CERN database.  The 
parameter distributions in the CERN database in turn allow the 
quality of the data in the JPL database to be assessed and even 
improved.  For instance, for the parts in the JPL database tested 
only up to a maximum test LET of 26, 37 or 42, MeVcm2/mg, 
one may wonder how likely it is that testing to higher LET 
would reveal a hidden SEL susceptibility.  If we take the CERN 
LET0 data as representative of SEL susceptible parts, Fig. 7 can 
provide an answer.  Similarly, Fig. 11, based on the CERN w-s 
data suggests σs may be bounded even if there are too few LETs 
in the cross section curve to establish saturation.  

The JPL data also provide an archive in which one can look 
for parts that elucidate risks associated with latent damage or 
other gaps in our knowledge of SEL so these phenomena can 



 8 

be studied and the gaps filled.  The studies carried out here  
illustrate the potential that larger databases hold for improving 
understanding and assessment methodologies for  radiation-
related risks. 
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