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, ANALYSIS OF INVENTORY DIFFERENCE USING FUZZY CONTROLLERS*

Andrew Zardecki, NIS-7, MS E541
Safeguards Systems Group, MS E541

Los Alamos National Laboratory
Los Alamos, NM 87545, USA

ABSTRACT Mn = In-In+ 1 + Tn ' (1)

In fuzzy control, expert knowledge is where In is the measured inventory at the
encoded in the form of fuzzy rules, which beginning of period n and T,, is the net trans-
describe recommended actions for different fer measurement for period n.
classes of situations represented by fuzzy sets.
The concept of a fuzzy controller is applied to Traditionally, materials accounting for
the forecasting problem in a time series, safeguards has been a subject of statistical
specifically, to forecasting and detecting analysis and decision-making techniques. 2
anomalies in inventory differences. This For example, in the case of protracted diver-
paper reviews the basic notion underlying the sion, 3 Page's test has successfully been
fuzzy control systems and provides examples applied; on the other hand, when the diversion
of application. The well-known material- is abrupt, the Kalman filter has proven to be
unaccounted-for diffusion plant data of Jaech an adequate tool of analysis. 4
are analyzed using both feedforward neural
networks and fuzzy controllers. By forming With the advent of neural networks and
a difference between the forecasted and fuzzy logic, the usefulness of new mathemati-

observed signals, an efficient method to detect cal tools has been explored in the context of
small signals in background noise is reactor monitoring, 5 anomaly detection, 6 and
implemented, safety assessment. 7 The purpose of this paper

is to apply the concepts borrowed from fuzzy
control to analysis of inventory difference. As

I. INTRODUCTION will become evident, the proposed tool has

The principal objectives of an accounting obvious advantages over neural networks.
system for safeguarding nuclear materials are
as follows: (a)to provide assurance that all II. FUZZY CONTROLLER
material quantities are present in the correct
amount; (b)to provide timely detection of Fuzzy sets theory was originally pro-
material loss; and (c) to estimate the amount posed by Lofti Zadeh to formalize qualitative
of any loss and its location, l Inventory differ- concepts that have no precise boundaries. For
ence M,, also known as material unaccounted example, there are no meaningful landmark
for (MUF), for an arbitrary period n is written values representing the boundaries between
as low and normal, or normal and high. Rather,

such linguistic terms are formalized by refer-
*This work supported by the US Departmentof ring to fuzzy sets and numbers.
Energy,Officeof SafeguardsandSecurity.



•, A fuzzy controller consists of a collec- I I

tion of control laws whose inputs and outputs i [-_ _,._,) ___. c, __

are fuzzy valt, c,_.All controller rules are fixed x___e =

in parallel and the recommended actions are I . ' '_1 _ I---_ z
combined according to fuzzy value combina- v I/. a" I_1
tion rules weighted by the degree to which the %
rule antecedent is satisfied. Some process of I IL_

defuzzification is required to convert, the

resulting fuzzy set description of an action Fig. 1. Fuzzy Associative Memory (FAM)
into a specific value for a control variable) architecture.

Fuzzy logic is a powerful, yet straightfor- The FAM system maps numeric data into
ward, problem-solving technique with wide- numeric data by using fuzzy if/then rules at
spread applicability, especially in the areas of the intermediate states; eventually, the fuzzy
control and decision making. In general, it is output has to become defuzzified to yield the
most useful in handling problems not easily numeric output values. More specifically, as
definable by practical mathematical models, illustrated in Fig. 2, the fuzzy rules require the
For instance, fuzzy logic has been employed universe of discourse to be partitioned into an
in such tasks as managing stock-market port- overlapping set of fuzzy levels.
folios and controlling subway systems.

An important part of fuzzy logic centers
VS S M L VL

on the use of fuzzy ifthen rules, in which the -*"

antecedents, consequences, or both are fuzzy _ /_ /_ /_ /_ /t_
rather than crisp. For example, expressed as a [ /YYYYcollection of fuzzy if/then rules, the relation =
between three variables X, Y, and Z may be
described as follows: Refer,aceSet

Fig. 2. Five fuzzy levels:very small, small,
Z is medium if X is large and Y is not very medium,large,very large.
small

Z is large if X is small and Y is medium The next step is to construct a library of
rules of the form if X is small and Y is large,

Z is medium if X is very small and Y is then Z is medium. These rules are constructed

large either by consulting an expert in the field or

in which the linguistic values small, medium, by using clustering techniques in the param-
and large are fuzzy sets. At the heart of eter space. FAM correlation-minimum infer-
the fuzzy controller are the if/then rules, ence procedure works, then, as follows. The

numeric X-Y datum, (D1, D2), is applied toalso called fuzzy associative memory
(FAM) rules. Figure 1 illustrates the FAM the antecedent fuzzy sets in the levels chosen

to be combined by the AND operation (see
architecture. Fig. 3).



, IH. NUMERICAL EXAMPLES

A To illustrate our considerations, we applyA the fuzzy controller to two sample problems./\/1 \

\ /! ___.... In both cases we deal with a discrete time

I series z(k), k = 1, 2, ..., which is simply a map-

ping from a set of whole numbers to reals.D1 V2 The prediction problem consists in finding
Mi,eon,oq,set Mty) z(k), given z(k-3), z(k-2), and 2(k- 1). The

length of three for the input patlern is only
Fig.3. FAMcorrelation-minimum

taken as an example; any other length isinferenceprocedure.
admissible.

The system adds the minimum-scaled output The first problem comprises the diffusion
fuzzy sets and computes the fuzzy centroid, plant MUF data given by Jaech. 12The time
thus yielding a minimum-consequent fuzzy series prediction will be obtained using both
set'9 the neural network and fuzzy controller tech-

If the mB(z) is the membership function niques. In the second problem, we recover a
of the consequent set, and zl, ..., zp are the signal from a background noise.
quantized values of the control parameter in A. Neural Network
the Z space, then the fuzzy centroid defuzzifi-
cation scheme is defined as A multilayer feedforward network con-

sists of a set of neurons that are logically
arranged into two or more layers. There is an

_._zjm B (z j) input layer and an output layer, each contain-
(z) = j . (2) ing at least one neuron. We introduce a hidden

__m n (zj) layer sandwiched between the input and out-J
put layers. The term feedforward means that

This amounts to regarding the membership information flows in one direction only. The
function of the consequent set as a weight strength of the connections between neurons
function, which adds or subtracts weight to (weights) is adjusted by the backpropagation
the quantized values of the control parameter, algorithm, based on an iterative procedure.

In setting up a fuzzy Controller, it is diffi- Figure 4 shows the MUF data and the
cult to determine the actual set of governing forecast error after training the neural network
rules. An adaptive FAM obtains the rules by iteratively adjusting the weights. The num-
from product-space clustering. 9 A simpler ber of iterations reached 5000 without any
technique generates the rules from given data further improvement in weight convergence.
pairs. This method, based on the work by Since the maximum MUF value was scaled to
Wang and Mendel, _° was summarized in an unity, the forecast error directly yields the rel-
earlier publication. 11In the next section, we ative error of the neural network.
give two examples of its application. The
examples that follow assume a three-input,
one-output set of rules; they can be easily
translated to general multi-input, multi-output
rules.



, 1.o , , , v- , , to a set of about 30 rules. Figure 6 shows the
o.8 predicted time series normalized to unity and
,.e the difference between the predicted and

observed values in the case of the Gaussian

0.4 signal superimposed on a random noise
0.2 pattern.
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Fig. 4. MUF data and the forecast error after _ 0.04

0.02

training a feedrorward neural net. _ ooo-0.02

41.04

B. Fuzzy Controller 41.08
-0.08 _..... t t I i t IThe crucial difference between the neural -0.,0

net and fuzzy controller is in the training 0 20 40 60 80 100 1_0 140Time

method. Whereas one needs thousands of iter-

ations for the neural net weights to converge, Fig. 5. MUF data and the forecast error obtainedfrom the fuzzy controller.
the rules that underlie the fuzzy controller
need only one sweep through the data set. For 3.0 , , ,
this reason fuzzy controllers can operate in
real time. Furthermore, a change in the input 2.0

pattern allows one to modify the existing _.o__¢Lak_/_Ar___
rules; for neural networks, one would have to ] 0.o_V_yvq,, -,v i,I ,Iv-,

perform many iterations on the data. Figure 5 /
shows the MUF data and the forecast error -1.o

obtained from the fuzzy controller. The fuzzy o.08_ : :
controller has a strikingly smaller forecast 008
error than the neural network method. 0.040.02

To apply the forecasting results to signal II 41.o2
41.04

detection, we added a Gaussian signal with 41.08
magnitude of 0.1 and variance of 1 at time 41.08
to = 100 to the MUF data. The Gaussian sig- 41.1o41.12 • i I *

nal is detectable by an unusual spike in the o so loo 1so
difference signal. This is accompanied, how- T_,,,
ever, by false alarms around times tl = 15 and Fig.6. Random noise with a superimposedsignaland the difference between the observed and
tz = 45. There is simply not enough data to predictedtimeseries.
generate a reliable library of rules. The train-
ing process covering 140 time periods leads



CONCLUSIONS 5. A. Ikonomopoulos, L. H. Tsoukalas, J. A.
Mullens, and R. E. Uhrig, "Monitoring

We have formulated the basic algorithm nuclear reactor systems using neural net-
for time series forecasting based on the notion works and fuzzy logic," Proc. 1992 Topi-
of a fuzzy controller. The algorithm is robust cal Meeting on Advances in Reactor
and is especially appropriate to the problems Physics (American Nuclear Society,
in which it is important to forecast in real La Grange Park, Illinois, 1992).
time. Two simple examples demonstrate the
usefulness of fuzzy control in nuclear safe- 6. R. Whiteson and J. J. Britschgi, "Data
guards problems, requirements for an anomaly detector in

an automated safeguards system using
Future research will focus on the devel- neural networks," Nucl. Mater. Manage.

opment of a general purpose computer pro- XXII, 83-87 (1993).
gram that is capable of handling large
amounts of input-output data. In addition, the 7. J. Arlin Cooper, "Fuzzy-algebra uncer-
relation of fuzzy control and neural networks tainty analysis for abnormal-environment
as tools in forecasting problems will be safety assessment," Sandia National Lab-
elucidated, oratories report SAND93-2665 (January

1994).
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