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ABSTRACT 

A discussion of nuclear material measurement 
uncertainties and impacts to the Materials Disposition 
(MD) Program is presented. Many of the options under 
consideration by the disposition program present new 
measurement challenges for nondestructive assay. Some 
of these challenges include significant material process- 
ing throughputs, a variety of material forms, unique 
waste streams, and difficult-to-measure matrices. ”here 
are also some questions regarding the ability to achieve 
International Atomic Energy Agency (IAEA) verifica- 
tion requirements and to achieve measurement uncertain- 
ties that are small enough to meet the IAEA loss detec- 
tion goals. We present a detailed formalism for deter- 
mining the measurement error for nondestructive assay 
systems applied to the MD Program, which is an essen- 
tial component for planning the safeguards and security 
of these systems. 

INTRODUCTION 

The quantification of measurement error is an 
essential component of materials control & account- 
ability. The values of measurement errors are needed to 
calculate the inventory differences (ID) and the variance 
of the ID for nuclear materials processing systems. This 
paper discusses methods for determining measurement 
error in the context of the Materials Disposition (MD) 
Program. A careful quantification of error is essential 
for optimizing system design, analyzing diversion 
scenarios, and monitoring material balance and flows 
from a safeguards perspective. 

Contributions to uncertainty can include counting 
statistics, calibration errors, instrumental uncertainties, 
and errors. Often a significant source of error is from the 
variations of these parameters within the samples them- 
selves. The cause is because of differences in sample 
form from standards as well as changes in matrix and 

heterogeneous effects. Measurement problems are typi- 
cally addressed through scaling studies, but this does not 
capture all contributions to error. The missing element 
is the distribution of sample characteristics that contrib- 
ute to errors and the assay technology. 

The MD Program presents a unique challenge for 
the quantification of nondestructive assay (NDA) error. 
The changing focus of DOE requirements for nuclear 
materials measurement poses a fundamentally different 
problem than has been historically developed for NDA. 
During the years that the DOE was in production of 
nuclear material for weapons, the focus of measurement 
technology was the end product: plutonium or highly 
enriched uranium in its purest form. Typically, the 
materials were either relatively pure oxides or in 
metallic form. This material was also the most 
“attractive” from a safeguards perspective because it 
could most easily be fabricated into weapons. However, 
the focus of the DOE mission has changed markedly in 
the last few years. Production of weapons material has 
stoppedandthe emphasis has shifted to the disposal of 
the wastes generated during the reprocessing operations, 
to the disposition of excess plutonium material, and to 
preserving the existing stockpile. Much of this material 
is contained in complex chemical matrices that include 
the very impurities that were removed during the purifi- 
cation process. The special nuclear material (SNM) 
is distributed nonuniformly and the matrix may be 
heterogeneous. 

There are two aspects to the measurement problem 
of SNM for MD. The first is development of new NDA 
techniques that can accommodate these difficult forms. 
The second component is the quantification of meas- 
urement errors. Typically, measurement error is parti- 
tioned into several elements: a random error due to 
underlying counting statistics; a bias, which is a sys- 
tematic instrument error; a sampling error; and an error 
due to variations in the measured items themselves. As 
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measured samples depart from the calibration standad 
form, the NDA instrument may have an error due to 
this difference. This error is usually called a bias e m  
because it is not caused by counting statistics and 
cannot be reduced by using longer counting times. It 
depends on variations in the measurement samples, 
which are usually distributed randomly. This last emr 
component, often referred to as the matrix error, is the 
focus of this paper. 

The matrix error can be the most difficult to esti- 
mate. By contrast, the random error variance (inversely 
related to precision) can be estimated either by replicate 
measurements or by assuming that the counting process 
follows Poisson (or some other model) statistics. The 
instrumental bias error can generally be measured (and 
reduced) by the use of very accurate standards. However, 
the matrix error depends on instrument sensitivity to the 
matrix effect and also depends on the variation of this 
effect over the entire ensemble of measurement items. 
The items to be measured are typically unknown, so the 
extent and distribution of the matrix variation are also 
unknown. Therefore, the result of the matrix error is 
difficult to quantify. 

For example, consider a set of drums to be meas- 
ured using neutron counting and assume that the drums 
contain various amounts of hydrogen in the matrix, say 
as water. Neutron instruments are sensitive to a hydra- 
gen matrix, which moderates and absorbs neutrons. 
Although the effect of the hydrogen on the neutron 
counter is known, the amount of hydrogen in the drums 
is unknown. Therefore, the average error for the meas- 
urement set due to this matrix effect is also unknown. 

Traditionally, many safeguards measurements were 
made on well-characterized samples. Although the quan- 
tity of SNM was unknown, the material form and com- 
position were constant. The error for safeguards meas- 
urements on well-characterkd samples could be deter- 
mined relatively easily. Instruments were calibrated 
using accurate standards that closely resembled the items 
to be measured. Precision could be determined from 
counting statistics or replicate samples. The instrumen- 
tal bias could be determined from the accuracy of the 
calibration standard and the goodness-of-fit of the cali- 
bration curve (or equivalent methods). The matrix effect 
was assumed to be zero, or in some cases was guessed. 
For example, the samples might be pure oxides or 
metals. These would not d e r  significant variations in 
composition and the NDA instrument could be cali- 
brated using a standard of similar composition. 

However, this special case does not apply to the 
materials in the MD Program, which are residues, scrap, 
and waste. These materials have a variety of forms, con- 
taminants, and chemical composition. It becomes 
impractical to assume a matrix error of zero or to sim- 
ply guess at the value. In addition, some approaches for 
quantifying the matrix error can also be prohibitively 
difficult. In order to quantify the matrix error over an 
entire ensemble of drums, all of the possible matrix 
variations represented in the ensemble must be evaluated 
for NDA bias. If there are N parameters (such as hydro- 
gen content, heavy metal content, density, etc.) that 
could contribute to the bias, and each of these must be 
sampled over a range of n values, then the total number 
of required samples necessary to estimate the average 
matrix error (bias) over the ensemble is nN. This 
number can become prohibitively large even for a 
modest number of parameters and parameter values 
(typical values are n = 2 to 5 and N = 5 to 15). One 
goal of this paper is to identify methods that can esti- 
mate the average matrix error with far fewer samples 
than the impractical value of ItN. 

Consider the general form of the average matrix 
error for some particular measurement ensemble. Define 
X1&, ..& as the parameters such as the density, fill 
height, hydrogen content, metal content, etc. that con- 
tribute to the measurement bias. Let b =fiXl,X2,...,XN) 
be the measurement bias for a particular sample. ?he 
average NDA squared bias would be the weighted aver- 
age off over the distribution of sample items: 

E[f 2] = jvN dNFf 2( Xi, X2,. . . XN)P( Xi, X2,. . . XN) (1) 

where E[fl is the expectation of the squared bias 
(unnormalized), 
p(Xl,X2, ..., XN) is the probability density for 
finding a measurement item with the specific 
conditions specified by XI&, ...,XN, 
N is the number of parameters that can affect 
the measurement, and 
the integration is done over the entire range of 
all the parameters. 

Because the measurements are performed on discrete 
samples, the integral (1) may be expressed as a multiple 
sum over all possible measurement items. 

E[f 2 ] = f 2(Xi, X2,. . . X N ) ~ (  Xi, X, , . . . XN) . 
All measurement items 

(2) 



In the context of this formalism, NDA measure- 
ments on well-characterized materials (pure oxides for 
example) can be understood as having a probability dis- 
tribution, p(X,,Xz, ..., XN), that is close to a delta func- 
tion in the parameters, Xi, centered on the calibration 
standard values. The evaluation of E[fl and E[f] is 
simple for this special case, and we would summarize 
the distribution of the bias values in the ensemble using 
the mean value (E[fJ) and the variance of the values 
@[fl - EM)z. 

However, for waste or MD measurements, the dis- 
tribution function, p, may be quite broad and there will 
be a significant increase in the NDA bias function, 
f(x&, e.., XN). In this instance, the value E[f] may be 
the dominant error source. 

In principle, there is a straightforward method for 
estimating E[fJ or E[f], but in most cases it is 
impractical. The value for the expected error can be 
measured by assaying many known samples and obtain- 
ing the matrix bias error in each case. These errors are 
summed and normalized. However, the total number of 
samples required can be prohibitively large. In order to 
sufficiently characterize E[f], much of the entire range 
of p(X,&, ..., XN) must be sampled over all of the vari- 
ables, Xi. The reason is that, in general, f(x,&, ..&) 
will be a complicated and nonseparable function of the 
Xi. Therefore, each possible range of Xi must be tested 
at all other possible values for the remaining Xj*t. In 
summary, there are three conventional options for 
evaluating E[f] for matrix dependent errors of a meas- 
urement set. These are 

Guess E[f] or assume the matrix error is zero. 
Make a few measurements of f and calculate 
E[P]. However, unless the full span of each 
variable is sampled, this estimate of E[p] will 
likely not be accurate. 
Make all the required measurements to span 

E[f]. However, the number of measurements 
can be prohibitively large. 

f(x~,x~,+a*,xN) and p(XI,Xz, ..., XN) to obtain 

We normally want to reduce the number of samples 
requred to estimate the average (and variance) of the 
measurement bias. Conventional options (2) and (3) 
could lead to two estimation methods. One method is a 
random sampling plan that would use the average bias 
bR = bl,b in the random sample to estimate the aver- 
age bias pb in the enitire population of items. 
Sometimes simple random sampling will be sufficient. 

- 

The second method would use the average bias 
bS =b2 ,b  in a stratified sample (the Latin  square&^@^ 
hypercube sample' described below is one type of strati- 
fied sample) to estimate the average bias. The main 
challenge with the second method is that the number of 
strata might either (1) be as large as nN or (2) not be 
known because some of the N candidate parameters 
might not affect the measurement bias. Probably in 
many cases the most reasonable solution will be to use 
a compromise sampling plan that informally stratifies 
the items without completely knowing the distribution 
of the candidate parameters. For example, Ref. 2 used 
radiography tapes, data from previous measurements on 
the items, and shipper-receiver records to model the dis- 
tribution of the candidate parameters. We would attempt 
to stratify the items according to some subset of the 
candidate parameters, then sample from within each 
stratum to ensure that we have a reasonable representa- 
tion of biases in the selected sample. Reference 2 used 
simulated data and sampled at least one value from each 
of n intervals (strata) for each parameter according to the 
empirical distribution of each parameter within each 
interval. Then a constrained Latin hypercube sampling 
plan was used that included the effect of correlation 
between certain pairs of the parameters to determine 
how the individual parameter values would combine to 
form each simulated set of N dnun parameters. ?he 
advantage of this type of stratified sampling plan is that 
each of the n intervals (strata) for each parameter is 
guaranteed to be represented in the sample. Using either 
a random sampling plan or some form of stratified sam- 

the measurement biases are sufficiently well estimated 
(using standard sampling theory), then we are finished. 
In other cases, either the informal stratification will not 
lead to acceptably good estimates of pb and crz or the 
number of candidate parameters will be so large that a 
screening design (fractional factorial design experiment 
with the bias as the response variable and the candidate 
parameters as the design variables-see Ref. 3) will be 
appropriate. If a screening design is used to determine 
which parameters should be included then a follow-up 
response surface design could lead to good estimates of 
pbandog and could be used to bias-correct each 
measurement. Our primary goal here is not to improve 

will not discuss bias-correction possibilities here. Once 
we have selected the parameters that affect the bias from 

- 

pling plan, if the average and variance pb and ob) 2 of 

the assay but simply to estimate pb and ab, 2 so we 



among the candidate predictors, the sampling plan given 
in Ref. 2 (described above) might be appropriate, or in 
cases in which all the parameters exhibit negligible 
pairwise correlations (and we are confident that the 
parameters are mutually independent) an ordinary 
(unconstrained) Latin hypercube sampling plan would 
be appropriate. The benefit of this approach is that far 
fewer samples are required to estimate E[f]. The reasons 
are outlined below for the case of independent 
parameters. 

Proposed Method For Evaluating the 
Matrix Error in the Case of Independent 
Parameters 

The NDA instrument error due to matrix effects, 
f(X1,X2, ..., XN), may be complicated, nonlinear, and 
nonseparable. However, because it depends on the under- 
lying physics of the measurement instrument, it can be 
modeled. The behavior of NDA instrumentation is well- 
understood and all can be modeled using codes such as 
the Monte Carlo code for neutron and photon transport 
(MCNP). MCNP models of existing NDA systems ape 
quite accurate. 

The term representing the distribution of the 
unknown samples as a function of the specific matrix 
parameters, p(Xl,Xz ,..., X,), is unknown because the 
samples are not known before measurement. However, 
sometimes the parameters, X, do not depend on one 
another. For example, the fill height and matrix density 
parameters might be independent in some groups of 
items. Material type is another variable that could be 
independent. Because the parameters Xl,XZ, ..., XN are 
independent, the function p(Xl,Xz, ..., X,) can be written 
as a product of terms 

The separability of p reduces the number of required 
samples to estimate p for any value of the N 
parameters. Therefore, the total number of samples nec- 
essary to estimate Ere] is reduoed from approximately 
nN to approximately n1 (the required sample size will 
depend on how well we must estimate the mean and 
variance of the biases). In practice there will be some 
correlations between the variables and it may q u i r e  a 
larger sample size to estimate p. However, the total 
number of samples would typically still be less than nN. 

This sample-size reduction method exploits the fact that 
p(X,,X2 ,..., X,) is separable, and though f(X1,Xz ,..., XJ, 
and therefore E[f2], are generally not separable, 
f(Xc,X2, ..., X,) can be modeled, so it is not necessary to 
sample to obtain f(X1Xz,.. .,XN). 

To summarize, there will be situations in which 
simple random sampling will suffice to estimate the 
average and variance of the measurement bias. In other 
situations, some form of cluster sampling will be 
needed, but the cluster sampling given in approach (3) 
could require a prohibitively large number of clusters, 
and hence, samples. In such cases, we can reduce the 
required samples by (1) exploiting independence among 
the parameters as described, or (2) first using a screening 
experimental design to eliminate some of the candidate 
parameters from further consideration. 

Evaluation Procedure 
Using this formalism, a recipe for evaluating the 

experimental errors due to matrix effects in the MD 
application becomes 
1. 

2. 

3. 

4. 

5. 

6. 

Evaluate each material stream for variations in 
matrix parameters. 
Analyze these data to determine which material 
streams have significant matrix variations that 
could affect the NDA measurement. The NDA error 
for those material streams that do not have signifi- 
cant matrix variations can be estimated directly 
from instrument precision and bias. The error for 
those material streams with significant matrix 
variations will have to be quantified using the 
method described in this paper. 
For those material streams with significant matrix 
variations, identify the specific parameters that vary 
and would interfere with the NDA measurement 
(cause an NDA bias error). Use statistical design-of- 
experiment methods and underlying physics princi- 
ples of the NDA instruments to isolate only the 
important variables. 
Develop a model for the instrument bias error 
(relative to calibration value) as a function of these 
parameters: f(Xl,Xz, ..., X,. Models can be devel- 
oped using simulation codes such as MCNP. 
Take a modest representative sample from the mate- 
rial stream. If no data are available, this must be 
simulated. 
Benchmark the NDA instrument model against the 
analyzed samples. 



7. Develop individual probability distributions, p,(X,), 
for each of the relevant variables, Xi, by empiri- 
cally fitting distribution functions to the sample 
data set. We assume that the entire set of p,(Xi) can 
be fit to the same data set. 

Once an accurate mode for the NDA matrix error, 
f(Xl,X2, ..., X,,,), is developed and the empirical distribu- 
tions for the p,(X,) have been fitted, the final step is to 
evaluate E[P]. First, the general probability distribution 
for the sample parameters, p(X,,X2 ,..., XN), is con- 
structed by multiplying the p,(Xi) (or by applying the 
Latin hypercube sampling plan with sampling con- 
straints to model correlations among parameters, as in 
Ref. 2). Next, the summation in Eq. [2] is explicitly 
evaluated using the known functions for f(Xl,Xz, ..., XN) 
and p(X,,X2 ,..., X,,,). In the case that p(X1,X, ,..., X,,,) is a 
numerical (e.g., MCNP) model, then the sum in Eq. [2] 
must be evaluated by picking a sample set of discrete 
points among the possible values for the Xi. These 
sample points are used to explicitly evaluate 
p(Xl,X2, ..., X,,,) and to numerically evaluate 
f(X,,Xz ,..., XN). Then, the sum in Eq. [2] is evaluated 
over all the sample points to obtain E[f]. It is 
important to properly sample p(X,,X2, ..., X,.,). As in 
Ref. 2, we recommend using a Latin hypercube to select 
the points X, if the goal is to estimate the average and 
variance of the measurement bias. 

APPLICATION TO THE MD PROBLEM 

The disposition of fissile materials is in the plan- 
ning phase at this time, so there are no material streams 
to sample. However, preliminary assay errors must be 
estimated to gauge the safeguards and security designs. 
One approach is to use the stabilization process design 
parameters to gauge the matrix variations. We have 
evaluated several of the MD material types for the con- 
tribution of the matrix error. Because numerical values 
for the matrix variations are unknown, we have only 
completed the steps of idenwing which material 
streams have significant matrix variations that need to 
be evaluated as we have described and which can have 
the errors evaluated using conventional methods. 

Below is a rough outline of some of the anticipated 
material types with the Materials Disposition program 
[focused primarily on plutonium] that will quire 

NDA. Because the MD Program is still in the prelimi- 
nary stages of analysis prior to the final Record of 
Decision, this assessment, by necessity, is only 
cursory. However, this simple analysis serves to illus- 
trate the breadth of materials under consideration and the 
complexity of the materials assay problem. 

Unlike typical clean processing or waste processing 
that represent the extremes of minor to significant 
matrix effects, the MD Program has materials that 
completely span the range of matrix effects. Input 
streams range from clean metal and oxide to rich resi- 
dues followed by possible preparation of ceramic mate- 
rials, which then may be imbedded into high-level radio- 
active waste. Each form presents a Merent range of 
variation impacts to NDA. 

Table 1 presents a partial representative focused on 
plutonium disposition over the range of possible 
matrices along with a estimate of the degree of matrix 
and distribution impact anticipated. A simple scale 
ranging from low to modest to medium to high to 
extreme impact is presented. 

As can be seen from Table 1, the range and signifi- 
cance of the matrix variations range from low to 
extreme. Because of the complexity of the various 
material streams and the range of new form types, it 
will be critical to use the previously discussed scheme 
to assess and determine the real measurement uncer- 
tainty throughout the materials disposition process and 
program. 
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