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Methods for optimizing and assessing diagnostic capability, demonstrated
for collective Thomson scattering  (invited )

H. Bindslev
JET Joint Undertaking, Abingdon, Oxfordshire OX14 3EA, United Kingdom

(Presented on 11 June 1998

Commonly diagnostic systems are sensitive to a wide range of parameters, only a subset of which
are parameters of interestOptimal analysis and assessment of diagnostic capability must take
account of the sensitivity to the remainimglisance parametergvhich may not be accurately
known. New least squares type methods of inference in the presence of uncertain nuisance
parameters have been developed, along with methods for assessing diagnostic capability and
identifying critical nuisance parameter uncertainties. These methods are of a general nature and
suitable for complex and computationally demanding forward models. They are demonstrated by
application to collective Thomson scattering for fast ion diagnosis in fusion plasmad.99®
American Institute of PhysicS0034-67489)71101-9

I. INTRODUCTION amples from the Joint European Tor(KET). The methods
_ _ _ . are, however, generally applicable to diagnostics with nui-

In magnetically confined fusion plasmas collective gance parameters and complex forward models. The present
Thomson scatterinCTS) has particular capabilities for spa- giscyssion is intended to provide sufficient insight for the
tially localized diagnosis of the velocity distribution of fast (o54er to assess the usefulness of these methods and to apply
ions. Parameters characterizing this quantity we refer 10 agem_ Detailed technical discussions can be found in Refs. 4
parameters of interest . . and 5 which also provide reviews of the relevant literature.

CTS spectra are, however, also sensitive to a wide ranggqquctory discussions of least squares fitting and the un-
of other plasma and system parameters, which are either Qfyryying principle of maximum likelihood estimation can be
no direct interest, or adequately diagnosed by other systemg,nq in Refs. 6-10. These do not, however, include discus-
Sensitivity to thesenuisance parametersncumber the in- gjong of the problems introduced by nuisance parameters.
verse problem of inference about the parameters of interest,g topic has recently received much attention in the spe-

and reduces the amount of information that can be extractedjyjist |iterature on theoretical statistics to which the review
The number of nuisance parameters in CTS generally mak§§ Ret 4 may serve as a useful introduction. Other reviews
the inverse problem ill posed without externally provided ¢ given in Refs. 11-14.

prior estimates for the nuisance parameters.
The problem of optimal inference in the presence of nui-
sance parameters is common to many fusion plasma diagnog- SENSITIVITIES OF THE CTS SPECTRUM

tics and indeed to diagnostic problems throughout the physi-
cal sciences;® yet mostly it is ignored because of the Collective Thomson scattering is considered here as an

difficulty in accounting for the effects of the nuisance param-€xample of a diagnostic system which is sensitive to a wide
eters. range of plasma and system parameters, only a small subset
Here new methods of optimal inference about paramof which are of interest. Here we assume that parameters
eters of interest in the presence of uncertain prior estimategharacterizing the fast ion velocity distribution are the-
of nuisance parameters are discussed. Particular attentionf@meters of interestThe modelling of the received CTS
given to the LSN methoddeast squares fitting accommodat- Spectrum is based on the expressions given in Ref. 15 which
ing nuisance paramet@nshich remain tractable for diagnos- Provide a full electromagnetic model both of the microscopic
tic systems where the data are fitted with complex and comfluctuations and of the scattering process. Contributions from
putationally demandinéprward modelsWe then proceed to density, flux, and field fluctuations are all accounted for, in-
investigate the accuracies with which parameters of interegiluding the effects of their cross correlations.
can be resolved including the effects of nuisance parameters. We find that the received CTS spectrum is sensitive to
Finally methods are given for identifying which nuisance the one-dimensional fast ion distribution along the resolved
parameters or combinations of nuisance parameters most s&ave vector component of the microscopic fluctuatidifs,
verely limit the diagnostic capability, and thus which exter- =kS—k': f (u)=[f (v) S(u—k?-v)d3. Herek' andk® are
nally provided parameters we would get most benefit out ofespectively the wave vectors of the incident and scattered
improving the accuracies of. For new diagnostics this protadiation at the scattering volume. The sensitivity of the re-
vides an effective tool for design optimization. ceived CTS spectrum td,(u) is illustrated in Fig. 1. A
The methods of optimal inference and assessment of dinearly complete list of parameters to which CTS is sensitive
agnostic capability are illustrated by CTS and include ex4s given in Table I.

0034-6748/99/70(1)/1093/7/$15.00 1093 © 1999 American Institute of Physics
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?35 140
V¢ / GHz

Ill. LEAST SQUARES FITTING AND NUISANCE

PARAMETERS FIG. 2. CTS spectrum resolved into the 31 channels which are available to

the CTS diagnostic at JET. The main parameters used to generate this syn-

Resolving the CTS spectrum in a finite set of channelsthetic spectrum are given in Table Il with the fast proton population shown
. ; . . . ! as th l'in Fig. 3.

as available in the CTS diagnostic at JET, we might find the™s "¢ medel in Fig. 3
spectrum shown in Fig. 2. There is not sufficient information
n suchta spectr#mh irO] prowdte usgful eztlml?t_es of all thegb) Do we incorporate prior information®t) How do we
parameters on which the spectrum depends. 1L1S NECESSaIY 4@, nt for uncertainties in the prior information?
introduce additional information from other measurements

d iblv th tical iderati We refer to this i Least squares fitting provides optimal inference when
and possibly theoretical considerations. VVe reter 10 tnis Ny, qpice ang other uncertainties are normally distributed. It is,
formation as theprior information In the example consid-

o ~_however, the workhorse in data analysis even when the dis-
e_red_ hefe' only thél, parameters chara_lcterlzmg the fa_St 19N tribution describing the uncertainties is not normal or not
d|_str|but|on, fr(u), are pargmetefs .Of interestin keeping ._exactly known. This is partly justified by the robustness of
with standard terminology in statistics, the parameters of iNaast squares, and partly by the ease with which the tech-
terest are the elements of the vectbnot to be confused i

ith th . 18). Th o nigque can be applied. In the subsequent we therefore concen-
with the scattering anglé). The rem_amlr!g\lqs para.m_eters trate on least squares fittifgS) and a generalization of least
(e.g., 8, Op, ng, Te, Ti, N;, calibration coefficienis

thenui terhich K the el s of squares fitting which accounts for uncertainties in prior in-
are thenuisance parametenshich make up the elements ol ¢, mation about Nuisance parametdisSN). For the de-

the vectore. qu convenience we also |ntroduge the VeCtortaiIed discussion we assume uncertainties are adequately ap-
= (0, ¢) containing all the parameters on which the CTS

roximated by normal distributions. We emphasize though
spectrum depends. P y P g

; . . - that LSN retains the robustness of LS.
The following questions now arise when fitting model to

data: (a) D treat nui i fixed or free? So in answer to the above questions: With LS we can
ata:(a) Do we treat nuisance parameters as fixed or "€ freat nuisance parameters as fixed, thereby using prior infor-

mation but ignoring its uncertainties. If all nuisance param-
TABLE I. Plasma and system parameters which the received CTS spectrugters are fixed the fitting had, degrees of freedom over
is sensitive to. which they? merit function is to be minimized. Alternatively
we can treat the nuisance parameters as free, thus ignoring

Parameters Typical JET value L . . .
prior information. Treating all nuisance parameters as free
B |B|, modulus of magnetic field 34T would result inN,+ N, degrees of freedom, and in the case
H 9 3 . .

Ne Ie'eC"O” density x10' km of CTS, the inverse problertinference about parametgrs
Te electron temperature 8 kev would be singular. With LSN we can treat the nuisance pa-
N; n; /ng, norm. impurity (carbon density 0.04 . . .

_ : rameters either as free or as fixed, and in both cases make
R fuel ratio, n/(np+ny) 0.02 o= ’ - ] )
T, bulk ion temperature 8 keV full use of the prior information while taking the uncertainty
fy fast ion distribution Maxw. T,=200 keV) in this information into account. With adequate prior infor-

H H 8 —3 . . . .

Ny fast ion density (fy(u)du) 10%m mation the CTS inverse problem is regular. LSN with all
9 scattering angle/ (k',k9) 30° ngisance parameters _free provid.es opt.imal inference in the
& £ (k%B) 115° widest range of situations. Treating nuisance parameters as
v asymmetry anglé 0° fixed, LSN remains optimal provided the model of the data is
P! incident beamIPOWEF 4ﬁ%0 kw linear over the range of the uncertainties in those nuisance
Op beam overlap 18.8 mit/|sin(e) parameters which we keep fixed. The very significant prac-
v frequency of incident radiation 140 GHz . . . .
c calibration of detector channels tical advantage of LSN with fixed as opposed to LSN with

3Azimuthal angle ofB whenZz|k® and x|[k'x k®.

free nuisance parameters is the reduction in the dimension of
the space in whicly? is to be minimized.
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TABLE II. Model values were used when generating the synthetic spectrunences are shown in Fig. 3 along with the model distribution.
shown in Fig. 2. Prior values were used when inferring the fast ion veIocity—rhe LS inferred distribution is clearly unsatisfactory with

distribution. Column labelled error gives the error of the prior relative to the . L . .
model while columno prior gives the estimates of the uncertainty in the Iarge kinks on the flanks of the distribution and unphysmal

prior used for LSN. values near the center. In contrast hereto, the LSN inferred
distribution is quite satisfactory with excellent recovery of
Nuisance Model Prior Error o prior shape and a small error in the absolute scaling.
611° 25 24 4% 4%
ng/10° m=3 3.0 33 10% 10%
T./ keV 8.0 70 13% 13% V. FOUNDATIONS OF LS AND LSN
N; 0.04 0.05 25% 25% ) ) )
R, 0.02 0.01 50% 50% To discuss the theoretical foundations of LS and LSN
T,/ keV 3.0 35 17% 17% we need to define the tools and information which is at our

disposal. First we must have a model of the expectation val-
ues of the measured ddia our example the calibrated spec-
IV. SIMULATED CTS DATA ANALYSIS WITH LS AND tral densities resolved into channeés a function of plasma
LSN and system parameters. This is tlierward model y
=K(¥), wherey is the vector of expectation values for the
Here we illustrate the power of LSN with fixed nuisance measured datéCTS spectrum K is the operator or function
parameters when applied to the analysis of simulated CT®epresenting the theoretical model afiet (6, ¢) is the set of
data. The spectrum shown in Fig. 2 was generated with thgll parameters on which the model of our data depends.
model data given in Table Il and model fast ion distribution The information contained in the data is represented by

shown in Fig. 3. The remaining parameters are as given ifhe |ikelihood functionP(§/| ) which for given parameters

Table I. _ o _ i represents the probability density for measuring the data
made bout the fast jon disubuton using LS and Lo, in/eC1or =Y 8. The stochastio nature §f s due 1 the

: . " “'noise in the data and the possibly stochastic nature of the
both cases the scaling fact@y, was left free, reflecting the , i , -~ ~
large uncertainty in the absolute spectral density of a meaqata signal itself, as is the case for CTS. For giyeR(y|#)

sured spectrum. The remaining nuisance parameters wefgPresents the likelihood thag gave rise to the measured

fixed. The parameters included in Table Il were fixed at thedata. Additional information from other diagnostics or theory

values given in the column marked prior, which differ from may be available for all parametegs We assume that this

the model values by realistic amounts. In the LSN inferencénformatlon can be representeti by the probability density,
it was further assumed that the standard deviations of thE(#), which is maximum ag=¢. This distribution is re-
uncertainties in the prior values are as indicated in the colferred to as the prior. Here we are taking a Bayesian ap-
umn markeda- prior_ The resu|ts of the LS and LSN infer- proaCh to StatiStica| inferené&flsThe rationale beh|nd LSN
can also be presented from a frequentists point of Yiew
which case the prior information is regarded as the result of
a measurement represented by a separate likelihood function

ICRH fast ion distribution (simulation)
— \

160} % —— Model P('J;I 4. Here we continue in the Bayesian picture.

: o esw Prior information and new information obtained in the
140r i e R Ls) measurement are combined through Baye’s relation to give
120} i Pl the posterior, P(y{y)=P(y|#)P()/P(y), representing all

P P the available information. The relations between prior, like-

"g 1007 lihood, and posterior are illustrated in Fig. 4 where a contour
032 sob is plotted for each of the three distributions in a two dimen-
Ay sional parameter space. In this example the distributions are
Z 60} normal as indicated by their projections.

g ol The inferred parameter values, obtained with LSN, are

the values at the maximum of the posterior, provided the
noise in the data and the prior are both normal. LS with all
parameters free ignores the prior and thus yields the param-
: eters at the maximum of the likelihood function assuming
-20} : ] normal noise. This is illustrated in Fig. 5 where the distribu-

: tions are plotted in a two-dimensional parameter space con-
sisting of one nuisance parameter and one parameter of in-
terest. Here the contours of the prior are parallel to éhe
FIG. 3. Fast proton distributions. Model is as predicted by theory for typicalaxis, reflecting the fact that the prior contains no information
ion cyclotron heating scenarios at JET. The two remaining curves indicatgyhout the parameter of interest.

the distributions inferred from the simulated spectrum in Fig. 2 using LS and -
LSN, with O, free and the remaining nuisance parameters fixed. For the LSN with ¢ free returns the values d and ¢ at the

nuisance parameters listed in Table Il the prior values were used, with LSNmaXim‘{m of the posterior. The Un_Certainty in_ the inferre_d
assuming these values have the uncertainties listed @ror. values is represented by the posterior distribution. LSN with

-20 -10 0 10 20
Velocity / 10% m/s
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FIG. 4. The prior(dasheg, likelihood (dash-dottel and posterioKsolid)
distributions are each represented by a contour in a two dimensional para

which are shown as subfigures.

¢ fixed returns the value of at the maximum of the pro-
jection of the posterior ont@ space. Here the uncertainty is
represented by the projection of the posterior ofitspace.
LS with ¢ free returns the values @ and ¢ at the maxi-
mum of the likelihood function. The uncertainty is repre-
sented by the likelihood distribution. The uncertaintyéins
thus the projection of the likelihood function ontbspace.
LS with ¢ fixed returns the value @ at the maximum of the

O s fixed’ OLan = 142
I//<T:}\\~\\\ Sis free/GLSN =1.36
L ~~ —en
|prior . | h
of | | I |
K | ] l likelihood _
2 /,-/
;E | | |"'/'
S I | .7 b
2 | i ’ LS, free ¢
§ | LSN
& | LS, fixed o}
|posterior | | =/
| ¢=9 |

Nuisance parameter, ¢

FIG. 5. Prior(dasheg, likelihood (dash-dottel) and posteriosolid) each

H. Bindslev

intersection of the likelihood function witlgh= 71) The un-
certainty in this estimate is found by standard error propaga-
tion and displayed as a distribution. It is clear that LSN al-
ways gives the estimate with least uncertainty. LSN also
accommodates prior information about parameters of inter-
est. Referring to Fig. 4 it is evident that if the prior contains
information about correlations betwedhand ¢ then the
difference between accuracies of LS and LSN estimates can
be even more marked.

VI. DEFINITION OF LEAST SQUARES WITH
NUISANCE PARAMETERS (LSN)

Here we give the definition of LSN, a generalization of
least squares fitting which accounts for uncertainties in prior
information about Nuisance parameters. To bring out the
new features we first remind the reader of the definition of
standard least squarésS). In all cases the inferred param-
eter values are found by minimizingy& functional.

LS, ¢ free:

X2:'K9Ta(ym (=—-2 Iog{P(Y/I l/f)})normal

TAy=y—K(0,¢), (&¥) 1=CY=(sysYy).

LS, ¢ fixed: as LS, ¢ free, onlyAy=y—K (8, ).
LSN, ¢ free:

m.
eter space. Here the distributions are normal as indicated by their projections

XzzﬂTa(”m (: -2 |09{P( 'M;’)})normal

e Y/-K(o,dr))
¢ |
(Sy8Y)  (3ys)
(a,(v))*lzc(v):

(3pdy) (5hod) |
LSN, ¢ fixed (reduced formy):

-2 |ogH P(tﬁ”y)w})

Ry |

normal
“Ay=y—K(0,9),
CA=CW+ K 4COK [ —K 5 5pdy) —(SySh)K .

Here {K 4}ij=dy;/d#;. The second equalities for each of
the expressions fog? holds when noise and uncertainties in
nuisance parameters are normal.

VII. LSN: FITTING ONLY RELIABLE FEATURES

In Sec. V the rationale behind LSN was discussed in
terms of the prior, likelihood, and posterior distributions. The

represented by a contour and one or two projections. Contour for the prior i§ationale behind the reduced form of LSfiked ¢) is, how-

two lines parallel to thed axis. LSN returns the values & (and ¢ if free)
at the maximum Q) of the posterior, LS withp free returns the value @
at the maximum(+) of the likelihood function while LS with¢ fixed
returns the value o® at the maximum &) of the intersection of the like-

lihood function with the linegp= ¢. Uncertainties in each of the three esti-

mates of@ are indicated by distributions and the corresponding 1 standar

deviation points are marked.

ever, amenable to a simple alternative explanation. To sim-
plify the discussion consider a situation where there are no
correlations between uncertainties in the data on the one
hand, and the prior for nuisance parameters on the other. In

dhat case the covariance tensor entering the definitiog®of

simplifies toC(*¥) = CW+K 4,C(#)K,. The effect of the sec-
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The LS fit appears to be better, but the inferred ion tem-
perature(LS: T;=1.77 keV} is significantly more in error
than that obtained with LSNLSN: T;=2.0014 keV. Most
of the deviation between the synthetic data and the LSN fit is

]

-- T,=15keV
— T=2keV
- T=25keV

-
-

o
o

Normalised power spectral density
Normalised power spectral density

0.6 0.6
o4 oa of the formay/dT,= Kr, which they?, used in LSN, is less
' ' sensitive to.
0.2 0.2
% 005 o1 o015 o2 % 005 o1 o5 o2 VIIl. RELATIONS BETWEEN UNCERTAINTIES IN

/ GH
Frequency / Griz Frequency { Gz INFERRED AND PRIOR VALUES

FIG. 6. Normalized CTS spectra for a range of ion and electron tempera- . . - . .
tures. P g P Referring to Fig. 4 it is clear that with perfect prior

knowledge about a nuisance parametierthe uncertainty in
the inferred value of a parameter of interest is given by the

ond term is to decrease the weight given in the fiting 10,0 <o ction of the likelihood distribution with the ling

those features in the data which could be explained by incor- ~ . . . .
rect values of nuisance parameters, =¢ (which yields the minimum standard deviati@n,;,).

To illustrate this, consider the problem of inferring the With complete absence of prior information the posterior is

ion temperature from a noisy CTS spectrum with impen‘ectequal to the likelihood, and the uncertaintydris given by

knowledge of the electron temperature. The spectrum is serﬁhe projection of the likelihood onto thiéaxis (which results

sitive to both the ion temperature and the electron temperdp the maximum standard deviatian,,J). Assuming that the

ture as illustrated in Fig. 6. The spectra have been normaprior contains no information about the parameters of inter-
ized reflecting the fact that the absolute scaling of measureastr'] tr;]ese two I!m!tlng E)/alyesd fOT r:hLeSuncertgmty ?om(;nde
CTS spectra are generally very uncertain and thus contaiﬁ@'t t € uncertainties o tgme wit , treatiggas fixe

little information. in the first case and free in the second.

The spectral variations associated with varying these two . It can be show’hthat the relation betwegn the uncer-
fainty in the LSN estimate of a parameter of interest and the

guantities are clearly not orthogonal, so an incorrect value o L I . .
T, would clearly affect the estimate df. if the inference uncertainty in the prior information about a nuisance param-
eter is a simple sigmoid

was based on LS witff fixed. LSN with T, fixed would
however assume an effective uncertainty in the data repre- , 020t 02 (Pl ag)?
sented by the covariance tensor LSN: (o'9)%=

CA=C+Ky (0Te)?K]

1+(o' Pl a,)?

characterized by the minimum and maximum values,
where o(T¢) is the standard deviation of the uncertainty in o'min and omay, Of ol?, and the critical valueg, of the
prior information onT,. Deviations between the data and standard deviation of the prior,a{#), at which
the model of the functional forn1|(Te would thus not be

regarded as significant unless the deviation was large com:
pared withKy_x o{Te). Figure 7 shows a synthetic spectrum - = )
. S I il , Iree
generated witil ,.=T;=2 keV, and the fitted spectra result- | | ---e- LS, fixed ¢
ing from LS and LSN assuming.= 2.5 keV.
1
1.2 T ' 10
= CTSdata
—  LSNfit
L1 S R LS fit _
X ———  dy/dT, £ Ormax/ Omin = 505
B =l L U U - o m o ———— -
[ ~— ";
i 0.8F \ OCD R
8 B SgLs/ Ogren =14
S 0.6f Model: T, =2.0keV, T=2.0keV:\
g Fitting using fixed T_=2.5 keV: '\\
2 Y
& 0.4 LSN: T =2.0014 keV \
el
8 LS : T = 1.7677 keV
@ I
£ 0.2f =~
(=} 7
z 4 -
e N Gy prior = 9 likelihood
0 == 0 : 1 .
-7 10 -1 0 1
----- 10 10 10

" " L ' L L A i G /G
002 004 006 008 01 012 014 016 0.18 ¢
Frequency / GHz
FIG. 8. Sigmoidal relation between the uncertainty in prior value of a nui-
FIG. 7. Synthetic spectrum generated with=T;=2 keV, and the fitted sance parameter and the uncertainty in the LSN inferred value of a param-
spectra resulting from LS and LSN assumifig=2.5 keV. Also shown is  eter of interest. Also plotted are the uncertainties in inferred values obtained

the derivative,KTe: dyldT,, of the spectrum with respect W, . using LS with¢ fixed and with LS with¢ free.
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(0,(0))2: (Uﬁwin+ (Tﬁan/z- The critical value ofo(? is also TABLE lll. Relative uncertainty in scaling factot; /F, for combinations

b .. - of noise temperatures and standéedption of Fig. 9 or no uncertainties in
the standard deviation of the projection of the likelihood onto,  isance parameters.

the ¢ axis. The sigmoidal relation between uncertainties for:

LSN is plotted in Fig. 8 for the specific case 6f,./ o min or/F Tn=200 eV Tn=400 eV
=5. This ratio can take any value and depends on the like- standards, 0.19 0.20
lihood function, i.e., on the sensitivity of the data to all pa- o¢,=0 0.018 0.035

rameters and on the noise in the data. Also plotted are the
uncertainties in inferred values obtained using LS with
fixed and with LS with¢ free. IX. ASSESSING THE DIAGNOSTIC POTENTIAL OF

If the optimal version of LS were chosen the variance ofJET'S CTS
the uncertainty of the inference would maximally be twice  ere we illustrate the impact uncertainties in prior infor-

that of LSN. If the wrong version was chosen the increase ifnation can have on the accuracy of inferred values for pa-
uncertainty can be arbitrarily large. With a large number oframeters of interest, and demonstrate the usefulness of the
nuisance parameters and parameters of interest it is not sigmoidal relation between prior and posterior uncertainties
trivial task finding which linear combinations of nuisance when minimizing this impact. We consider the CTS spec-
parameters should be treated as fixed and which as free. LSi\um we would obtain with the plasma and system param-
eliminates this problem, and is in addition always superior. eters given in Table I. It is assumed here that the frequency
The simplicity of the sigmoidal relationship combined resolution of the CTS spectrum is sufficient that it does not
with the fact that it is characterize by just three parameters igffect the diagnostic capability.
very useful when identifying which nuisance parameter un-  With the noise temperature and the uncertainties in prior
certainties most severely limit the accuracy with which aindicated in the caption of Fig. 9 the inferred fast ion distri-
given parameter of interest is estimated. Parametergution would have the uncertainties in resolved nodes indi-
Tmin» Tmaxs O are readily computetby evaluatings(?) for ~ cated by error bars in Fig. 9.
three values of(%) and solving foro,, omax, ando.) for The errorbars represent the standard deviations of indi-
all combinations of¢ and @ parameters. If the difference Vidual parameters of the fast ion distribution, i.e., the projec-
betweeno i, and oay is small it follows that uncertainty in  tion of the posterior onto parameter axes. Much of the un-
that element ofé, given the other uncertainties, does notCertainty is correlated and due to uncertainty in the absolute
mask information about the selected elemer.itn the case  S¢@ling factorF. This and other correlations can be brought
of a large difference, the value of?/a is an indication of Ot BY principal component analysis of the posteFitt.

whether the magnitude of the uncertainty is critical or not. Th? uncertainty in the scaling factor for combmatpn; Of.
two noise temperatures and standard or no uncertainties in

nuisance parameters is given in Table lll. Clearly the uncer-
1-D fast ion distribution ta?nty in nuisance parameters give rise to most of this uncer-
100 . — . . tainty.

To identify which nuisance parameters mask the infor-
mation on the scaling factor we make use of the simple sig-
moidal relationship between® ando(#). The three param-
eters characterizing this relation are computed for each
nuisance parameter. For most nuisance parameters the differ-
ence between,;, ando ., iS small indicating little masking
by this parameter. Uncertainties in electron density and beam
overlap are significant contributors to the uncertainty in the
scaling factor as indicated by the parameters in Table IV.

It is noteworthy that we can virtually eliminate all the
masking of information orF by eliminating the uncertainty
in eitherng or O, . However the required improvements for

Density / 10° s/m?

TABLE IV. Parameters defining sigmoidal relationships between uncertain-
ties in estimated parametédfsand principal component 21 on the one hand,
and nuisance parametefsO,,, n., andT; on the other. Her& =200 eV.

The parameters are similar fdf=400 eV.

FIG. 9. Model fast proton distribution with uncertaintigisstd in resolved oe /F T2

_nodes inqlicated by errorbars. The s_maller grrorbars indicate the uncertainty oyloe Cmin O max o4loe Cmin O max
in nodes if there was no uncertainty in the prior. The dashed and dash-dotted

curves also represent the errorbars. Parametefsignal integration time [ 0.35 0.19 0.19 0.35 1.17 4.6
=200 ms, Ty (spectral noise densijty= 200 eV, v, (half width of notch Oy 4.7 0.024 0.19 4.7 1.89 1.90
filter) = 100 MHz. The remaining parameters are as in Table I. Uncertain- n, 0.55 0.024 0.39 0.55 1.89 1.92
ties in prior:0y=1°, 04,=1°, 0,=1°, 00, =0y, 05=0.1XB, 0, =0.2 T 2.915 0.18 0.19 2.9 1.63 1.93

XN, 07 =0.1X T, oy =05XN;, o =0.3XR;, 07, =0.3XT;.
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Optimal analysis. Incorporates prior information and ac-
counts for its uncertainties. LSN, a new least squares based
method, does this.

Assessing diagnostic capability. Uncertainties in esti-
mates of parameters of interest depend on uncertainties in the
prior information. With optimal analysis, these uncertainties
are given by the posterior which combines prior and new
information. Principal component analysis of the posterior is
an effective tool for identifying correlated uncertainties.

Optimizing diagnostic capability. Posterior versus prior
uncertainties are related by simple three parameter sigmoids.
FIG. 10. Sigmoidal relationship between the uncertainty in the scaling fac-TNis is useful when identifyinga) which uncertainties in the
tor, o), and uncertaintiesg(#), in priors for n, and O, . Positions on  prior information mask what posterior information, afig
sigmoid for current uncertainties are indicated with asterisks. which prior information is critical.

These methods have been applied to CTS at JET, JT60U
each of these quantities to reach this end are not equal. Thehd ITER. Recent CTS data at JET were analyzed using
values ofo /o indicate where on the sigmoid we are with LSN.
the current level of uncertainty in the prior. These points are
indicated on the plot of the sigmoid in Fig. 10. The uncer- 1J. C. Spall and J. P. Garner, IEEE Trans. Aerosp. Electron. 2§s892
tainty in ng is in the critical range where changes in its un- (1990.
certainty directly impact on the uncertainty in the scaling zB- Friedlander, IEEE Trans. Aerosp. Electron. S8, 953(1990.

: : ; C. V. Kimbal, P. Lewicki, and N. |. Wijeyesekera, IEEE Trans. Signal
factor. The loss of information due to uncertaintyGg, on Processd3, 2028(1995.

the other hand, is nearly completg_. Further lﬂncertain@tjn “H. Bindslev, Maximum likelihood estimators for inverse problems with
(beam overlap and other quantities affecting the absolute nuisance parameters, JET report JETSRL3 (1997).

calibration has little impact and considerable improvement 5H Bindslev, Assessing and optimizing measuring capabilities of complex

; ; s : diagnostic systems, JET report JETOR12 (1997).
IS requwed to S|gn|f|cantly increase the accuracy:of 5W. LedermannHandbook of Applicable Mathematics. Vol. VI. Statistic

By similar investigations(see Table 1Y we find that Part A, edited by E. Lloyd(Wiley, New York, 1984.
information on the width of the distribution, referred to here “R. J. Barlow,Statistics(Wiley, Chichester, 1989
as principal component 21, is masked primarily by uncer_SK. V. Mardia, J. T. Kent, and J. M. BibbyMultivariate Analysis(Aca-

tainty in scattering angleq, and to a lesser extent by uncer- demic, London, 1979
y 9 g'&, y 9P. R. Bevington and D. K. RobinsoBata Reduction and Error Analysis

tainty in the bulk ion temperaturel;. In these studies it for the Physical Sciencegnd ed.(McGraw—Hill, New York, 1994.
must be kept in mind that if two nuisance parameters givé’W. H. Press, S. A. Teukolsky, W. T. Vetterling, and B. P. Flannery,

rise to(nearly parallel perturbations of the date.g., beam Numerical Recipes2nd ed.(Cambridge University Press, Cambridge,
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overlap and absolute calibratipthey should be treated as 1] 5 kafieisch and D. A. Sprott, J. R. Statist. Soc. Ser3B 175
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