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A new improvedcovarianceanalysisof neutron-inducedfissionreactionson ���	� Puhasbeenconductedfor neutron
incidentenergiesbetween0.1 and20 MeV. Plutonium-239is a very importantisotopein the US nuclearspentfuel
stockpile,whereit is consideredasa wasteandeventually a proliferationproblem. Recentlyavailableexperimental
datasets,bothabsoluteandin ratio to thestandard����
 U, have beenincludedin this new study. A Bayesianinference
approachhasbeenusedto infer crosssectionsand associateduncertaintiesand correlations. The evaluatederrors
aresignificantlyreducedcomparedto the previous ENDF evaluation. The importanceof thechoiceof the ����
 U (n,f)
standardis revealedthrougha comparisonwith themostrecentJapaneseevaluation. Finally, we introducenew ideas
andtechniquesthat will be usedin our forthcomingcrosssectionsevaluationsfor otheractinidesof importancefor
ADS.
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I. Introduction

Recentprogress in particle accelerator technology have
opened new exciting windows on basicresearchas well as
civil applications in nuclearscienceand technology. New
proposalsfor accelerator-drivensystems(ADS) designs have
emerged,bringing thehopefor asaferandcleanernuclearen-
ergy.1) While the Earthfacesan extremedanger becauseof
industrialized humanactivitiesandof a fastgrowing mankind
population,theenergy extractedfrom theatomicnucleusmay
very well play a key role in the forthcoming worldwide en-
ergy policies. Indeed,theseADS offer theopportunity to fi-
nallygetrid of thehighly impopularproblemof radiotoxic nu-
clearwastes.Accuratepredictionsof theoverall behaviour of
theseADS aredependentuponcrosssectiondatalibrariesfor
neutron andproton inducedreactionsup to severalhundreds
of MeV of incident energy beam. Suchdatalibraries arebe-
ingdeveloped(seefor instanceRef.2)) usingtheoretical model
calculations (Hauser-Feshbachstatisticaltheory+ preequilib-
rium anddirect processes),or/andexperimentaldataevalua-
tions. This secondoption is to bepreferredwhentheoretical
models fail to reproduceavailabledataat leastwith thesame
accuracy asobtainedexperimentally. Neutron-induced fission
reactionis a typical example: greatdifficulties are encoun-
teredin thetheoreticalmodeling of thefissionbarriers which
determine thenuclearfissionrates.

II. Data evaluation and Bayesian inference scheme

Dataevaluationaimsatfindingthebestestimateof aphysi-
calquantity or to establishwhichtheorydescribesaparticular
phenomenon better, through a statisticalanalysisof a setof
experimentaldata.Finding its rootsin conditional probabili-
ties theory, the Bayesianinferencescheme3) allows us to in-
creaseourknowledgeby incorporatingnew evidenceto some
prior information. In mathematical terminology, the Bayes’
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which representsour belief in a given hypothesis
�

, afterac-
quiring new knowledgeD, under somecircumstancesC. The
left-handterm
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is called the posterior, and rep-

resentsour new belief in the hypothesis
�

after gaining the
new knowledgeD. The term


����!� ���
is the prior probabil-

ity of
�

given C alone. Finally, the term
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is the
likelihood function which givesthe probability of observing
D if thehypothesis

�
andthecircumstancesC wereactually

true. Thedenominator
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is independent of
�

andcan
be regardedas a normalizing constant. Applying this theo-
rem iteratively eachtime we gainaccessto new information
simulatesthelearningprocessona givensubject.

As already stated,neutron-inducedfissioncrosssectionson
heavy nuclei arequite challenging to estimatetheoretically,
andoneis forcedto rely mainly on experimentaldata,where
available,for theiraccurateestimates.As always,experimen-
tal dataareaffectedby uncertainties, traditionally classified
assystematicandstatistical.Combining our knowledgefrom
various experimentalsetupsallows us to significantlyreduce
theseuncertainties. A generalizedleast-squaresfitting pro-
cedure,usinga Bayesianapproach,as the onedescribed by
Kawanoetal.,4) canbeusedto determine thefunction param-
etersusedto fit thedata,iteratively. A covariancematrixhelps
keepingtrackof theinter- andintra-correlations in thevarious
experimentaldatasets.

Such a schemehas beenimplemented in the numerical
codeGLUCS, “a Generalizedleast-squaresprogram for up-
datingcross-sectionevaluationswith correlateddatasets”,de-
veloped by HetrickandFu.5) WeusedtheGLUCScodein the
presentwork.

III. New Pu-239 (n,f) evaluation

We have starteda seriesof dataevaluationsfor isotopesof
importance in ADS. As a first step,we have chosento study
theneutron-inducedfissionreactionon $&%�' Pu,becauseof the



importanceof this nuclidein theUS nuclearspentfuel stock-
pile.

The setof experimentaldatawe usedherediffers in sev-
eral respectsfrom the oneusedin the last ENDF/B-VI eval-
uation.First, not all datasetsusedpreviously wereincluded.
Indeed, somerelatively older experimentsexhibits large un-
certaintiesin theobserved crosssections.Suchdataarecer-
tainly worth considering carefully whenthewholedatasetis
scarce;however, in the presentsituation,the relatively large
amount of dataallowsusto safelyneglecttheleastpreciseex-
periments. On theotherhand,severalnew experimentshave
beenincludedin our new study. Thesedatacomefrom either
recentexperimentsperformedlaterthan1990, dateof thepre-
viousGLUCSanalysis,or datawhichwerenot present in the
EXFORdatabase6) by thetime thelastENDF evaluationwas
performed;thisespeciallyconcernsdatafrom Russia.

Our new $&%�' Pu (n,f) crosssectionevaluation is plottedin
Fig. 1 for incident neutronenergiesbetween0.1and20MeV,
alongwith thecurrentENDF/B-VI evaluation. At first sight,
two basicconclusionscanbeinferredfrom thisfigure: (1) be-
low 14MeV, thetwo evaluations arein verycloseagreement;
(2) largediscrepancies(upto ( 4%)appearabovethisenergy.
Suchlargedifferenceswill beexplainedbelow asarevisionof
thestandard$�%�) U (n,f) above 14MeV.
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Fig. 1 New ���	� Pu(n,f) evaluationfor incidentneutronsenergiesbe-
tween0.1 and20 MeV. This new evaluationis comparedto
thecurrentENDF/B-VI evaluation.

Figure 2 depictsthestandarddeviations resultingfrom the
current evaluationascomparedto thepreviousone.A signif-
icantreduction in theevaluated uncertaintiesis noted.

Theevaluation of thecrosssectionsratio $�%&' Pu(n,f) / $&%�) U
(n,f) is plottedin Fig. 3, alongwith thetwo mostrecentexper-
imentaldatasetsfromP. Staplesetal.7) andO.Shcherbakov et
al.8) Thesetwo recentexperiments,fairly consistentwith one
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Fig. 2 Standarddeviationsassociatedwith thepresentandtheprevi-
ousevaluationsplottedin Fig. 1.

another, helpedreducesignificantlythefinal evaluateduncer-
taintiesontheplutonium crosssections.In thesecalculations,
wehaveusedtheENDF/B-VI evaluation for thestandard$&%�) U
(n,f) standardcrosssection,revisedabove 14 MeV, basedon
P. Lisowski data.9)
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Fig. 3 Evaluationof the ratio crosssection ���	� Pu (n,f) / ����
 U (n,f),
alongwith the two most recentexperimental datasetsfrom
P. Staplesetal.7) andO. Shcherbakov et al.8)

Finally, it is very instructive to compare our new Pueval-



uation with the one recently obtainedby Kawano et al.4)

Figure 4 compares the present,the previous ENDF andthe
JENDL-3.3 evaluations. Significant discrepanciesare ob-
servedin places,in particular in the1-2 MeV energy region.
In orderto investigatetheinfluenceof thestandard $�%&) U (n,f)
crosssectionon our result,we choseto transform our ratio
evaluation by usingthe JENDL-3.2standard for neutron in-
cident energies between1 and 5 MeV. The resulting $�%&' Pu
(n,f) crosssectionis depicted by trianglesymbols in Fig. 4.
As onecanseeeasily, a large fraction of the differencebe-
tweenthe JENDL andENDF $&%�' Pu (n,f) evaluations simply
comesfrom differencesin the $&%�) U (n,f) standard crosssec-
tion. Becauseof the importanceof this crosssectionin both
evaluation libraries,resolving suchlargediscrepanciesappear
to beof highpriority for future evaluations � .

Neutron energy (MeV)
-

C
ro

ss
 s

ec
tio

n 
(b

)

Fig. 4 Comparisonof several existing evaluations of ���	� Pu (n,f)
crosssection.

IV. Modern data evaluation techniques

As artificial intelligence10) andquantum information the-
ory11) aregaining increasedimportance in modernscience,a
well sounded logical theory of the natural learningprocess
becomesof wide andfundamentalinterest. Among the few
theoriescompeting, theBayesianapproachtendsto getmore
andmoreenthusiasts,certainlybecauseof its roots in thewell
establishedprobabilities theoryandof its “natural” (human?)
interpretation. According to us, the controversy, andsome-
timespolemic, which typically focuseson the “subjectivity”
of this approachdoesnotseemto beof any constrainin prac-
tical andwell-posedproblems.

�
It shouldbenoted that, despitethesesignificantdiscrepancies,no integral
experimentpermits sofar to unambiguouslychoosebetweenthetwo eval-
uations.

Comingbackto theproblemraisedabove,i.e., thediscrep-
anciesobservedbetweentheJENDL andENDF/B $�%&) U (n,f)
evaluations, it is not very difficult to prove that they origi-
natefrom various inconsistentdatasets,with oneevaluation
heavily focusing on oneof them,while the otherfocuseson
its inconsistentcounterpart. Inconsistentdatasetsarisebe-
causeof unrecognisedor ill-correctedexperimentaluncertain-
ties. While it is hardto evenimagine gettingrid of inconsis-
tent data,somemodern mathematicaltools couldbe usedto
helpensurethatourphysicalintuition is indeed right.

Oneof the issuesthat an evaluatorhasto dealwith con-
cernsthetreatmentof outliers,i.e.,experimentalpointswhich
stronglydepartfrom thebulk of otherdatapoints, andwhich
certainlyarisebecauseof suchunrecognisederrorsor uncer-
tainties.In theBayesianframework,wecanreducetheeffects
of suchoutliersby usinga long-tailedfamily of distributions,
which allows for thepossibilityof extremeobservations. The
family of . -distributions is one example of suchlong-tailed
distributions. It is interestingto notethat the useof various
distributionsin orderto testthe“robustness”of theBayesian
posterioris partof whatis calledsensitivity analysis, in statis-
tical jargon3) .

In orderto testthefinal evaluation, onecanalsogo much
beyond theubiquitous /0$ test,whichalsoassumesnormaldis-
tributionsimplicitly. In theBayesianapproach,theposterior
distributionhasobviouslyapredictivepower thatcanbeused
to predict theoutcome of new (or alreadyexisting,but not in-
cludedin theanalysis)data.This canbeeasilyperformedby
Monte-Carlosimulations. Confronting the newly generated
setof datawith existing experimentaldatasetscanbeuseful
to detectanomaliesin theevaluation.

In thenearfuture,we planto include all thesemodern sta-
tistical techniquesinto a computer codeaimedat evaluating
nuclearreactioncrosssectionsfor all the isotopes important
for ADS.

V. Conclusion

UsingaBayesianapproach,wehaveperformedanew eval-
uationof the neutron-inducedfission reactionon $�%&' Pu, for
incidentneutron energiesbetween0.1and20MeV. Thecross
sectionsobtainedarequitesimilar to theonesfrom ENDF/B-
VI below 14 MeV, but then depart significantly from them
above this energy (up to 4% in places). This discrepancy is
dueto the recentrevision of the $&%�) U (n,f) evaluation, based
on datafrom P. Lisowski et al.9) Thanks to recentdatafrom
Stapleset al.,7) andShcherbakov et al.,8) thefinal uncertain-
tiesof theevaluation aresignificantlyreduced from theprevi-
ousanalysis.Interestingly, thecomparisonof our work with
therecentevaluation by Kawanoetal.4) revealsimportantdis-
crepanciesin the $�%&) U (n,f) evaluationbetween1 and5 MeV.
Since$&%�) U is consideredasastandard in bothevaluations,re-
solving this discrepancy is of high priority. Finally, we plan
to implement modern statisticaltechniquesandusethemfor
evaluatingnuclearreactioncrosssectionsof importancefor
ADS.
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