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The current paradigm for evaluating detectors in digital radiography relies on Fourier methods.
Fourier methods rely on a shift-invariant and statistically stationary description of the imaging
system. The theoretical justification for the use of Fourier methods is based on a uniform back-
ground fluence and an infinite detector. In practice, the background fluence is not uniform and
detector size is finite. We study the effect of stochastic blurring and structured backgrounds on the
correlation between Fourier-based figures of merit and Hotelling detectability. A stochastic model of
the blurring leads to behavior similar to what is observed by adding electronic noise to the deter-
ministic blurring model. Background structure does away with the shift invariance. Anatomical
variation makes the covariance matrix of the data less amenable to Fourier methods by introducing
long-range correlations. It is desirable to have figures of merit that can account for all the sources
of variation, some of which are not stationary. For such cases, we show that the commonly used
figures of merit based on the discrete Fourier transform can provide an inaccurate estimate of
Hotelling detectability. ©2004 American Association of Physicists in Medicine.
@DOI: 10.1118/1.1631427#
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I. INTRODUCTION

Evaluation of an imaging system should be based on
performance in the task for which it was designed.1–5 One of
the tasks of interest for digital radiography is the detection
small signals. We will study how deviations from stationar
and shift invariance affect the performance of a digital d
tector as we vary presampling blur. In the accompany
paper,6 we studied the deviations for a uniform backgrou
and deterministic blurring. The three main aspects of
imaging process that we will study in this paper are the p
duction of secondaries~electrons or light photons!, struc-
tured backgrounds~patients!, and random backgrounds~pa-
tient variation!.

The production of secondaries is a random process w
the x-ray energy is distributed into secondary light photo
or electrons which in turn are detected. The location is r
dom and number of secondaries is finite.

A flat background is a useful standard to use for eval
tion of digital radiography but it does not reflect the cases
interest which are characterized by having a fluence w
structure. By taking a flat background as the case to test,
makes Fourier methods more applicable but assumes tha
background results translate to those with more complica
structure. We are interested in looking at what a fl
background calculation says about a case with more com
cated structure.

A more subtle source of randomness is the variat
among patients. Such variation may even be the critical
tor in the system performance.7–9 The optimization of an
imaging system has to take into account the objects on
imaging. Object variation introduces long-range correlatio
which decrease the applicability of Fourier techniques.
359 Med. Phys. 31 „2…, February 2004 0094-2405 Õ2004Õ3
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this paper, we will use a Gaussian lumpy background to
troduce and study the effect of long-distance correlations
the data.

There are too many possible combinations of effects
types of Fourier techniques to study in one paper. To simp
the presentation we consider the flat background and de
ministic blur as our base case and vary one component
time. We will also only consider two implementations
Fourier methods. This approach gives us a simple way
comparing the qualitative effect of each process on les
detectability. Researchers using Fourier methods for eval
ing digital detectors10,11 are exploring the relation betwee
these methods and detectability. We provide a guide a
where the assumptions used in commonly used Fourier t
niques may break down in terms of predicting Hotelling d
tectability. How Fourier methods can be modified to bet
correlate with detectability measures~mathematical or psy-
chophysical! remains a largely open question.

II. CONTINUOUS-TO-DISCRETE MODEL

A one-dimensional digital radiography system maps
x-ray point processu(x) to a discrete data vectorg. The
x rays are converted into electrons or secondary light p
tons. The finite number of secondaries produced are dis
uted randomly, and they also form a point process. The s
ondary point process is then discretized by the pixels
schematic of this process is shown in Fig. 1.

The incoming x-ray Poisson point processu(x) is written
as

u~x!5(
j 51

J

d~x2xj !, ~1!
3591„2…Õ359Õ9Õ$22.00 © 2004 Am. Assoc. Phys. Med.
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wherex is the space variable~measured in units of pixels!
and xj gives the location of thej th x-ray interaction. The
ensemble mean of this point process is given byf (x), i.e.,
^u(x)&5 f (x), which is called the fluence. Each of the x ra
produces a random numberK j of secondaries

us~x!5(
j 51

J

(
k51

K j

d~x2xj2Dxjk!, ~2!

whereus(x) is the secondary point process andDxjk is the
difference between the location of thekth secondary from
the j th x-ray interaction.

In this paper, we assume that the spatial distribution
secondariesp(x) for each x-ray photon interaction is th
same over the field of view and is given by a Gaussian fu
tion

p~x2xj ;sb!5
1

A2psb

expS 2
~x2xj !

2

2sb
2 D , ~3!

wheresb is referred to as the blur width. We also assum
that the mean number of secondaries^K j& produced by each
x ray is the same for all x rays, i.e.,^K j&5Ns for all j . Given
these two assumptions we can express the fluence of
secondariesf s for a given realization of the x-ray point pro
cess as

f s~x!5(
j 51

J

Nsp~x2xj !. ~4!

The deterministic blurring model described in the accom
nying paper6 can be seen as the limit of a large number
secondaries. In this limit, the secondary random process
be modeled as a deterministic blurring of the x-ray po
process. In the notation used in Ref. 6, blur(x2xj )5Nsp(x
2xj ).

We integrateus(x) over the pixel support@rect(x2m)#
and add electronic noise (nelec) to get the pixel measure
mentsgm ,

FIG. 1. Schematic of the model used for simulation. We present the
with a finite number of secondaries.
Medical Physics, Vol. 31, No. 2, February 2004
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gm5E
2`

`

rect~x2m!us~x!dx1@nelec#m

5E
m

us~x!dx1@nelec#m . ~5!

We use the shorthand*m to refer to integrating over the
support of themth pixel.

To present the various figures of merit, we write t
continuous-to-discrete map as a continuous-to-continu
map followed by point sampling. The continuous~presam-
pling! map is given by

gps~x!5(
j 51

J

(
k51

K j

rect~x2xj2Dxjk!

5E
2`

`

h~x2x8! f ~x8!dx81nps~x!, ~6!

wheregps(x) is the presampling data random process,h(x)
is

h~x!5E
2`

`

rect~x8! Nsp~x2x8;sb!dx8, ~7!

andnps is defined as

nps~x![gps~x!2E
2`

`

h~x2x8! f ~x!dx8. ~8!

The discrete measurements are obtained by point s
pling and adding electronic noisenelec,

gm5E
2`

`

d~m2x!gps~x!dx1@nelec#m

5gps~m!1@nelec#m , ~9!

wheregm is the measurement at themth pixel.

III. THE DETECTION TASK

We consider the task of detecting a signal in a ba
ground. The signal is deterministic, low contrast, and know
in other words, we consider the signal-known-exactly det
tion task where the signal does not affect the data statis
We will consider both backgrounds known exactly and ba
grounds known statistically.

The task can be seen as discriminating between the
lowing two hypotheses:12–14

g05gb1n, g15gb1gs1n, ~10!

wheregi is a finite array of measurements under thei th hy-
pothesis, andgb andgs are the components of the measur
ment arising from the mean background and signal, resp
tively, andn is the noise.

The detection task is carried out by computing a test s
tistic t from the data and comparing it to a threshold. T
signal-to-noise ratio~SNR! for any test statistic is defined a

SNRt5
^t1&2^t0&

s~ t !
, ~11!

se
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where^t i& is the ensemble average under thei th hypothesis
and s(t) is the standard deviation of the test statistic. T
ideal observer uses the test statistic that maximizes the
positive fraction for any false positive fraction. We refer
the SNR for the ideal observer as SNRideal.

The signals of interest will be modeled by changes in
incoming x-ray fluence,

s~x;ss ,l ,b!5Cs~ss ,b!expS 2
~x2 l !2

2ss
2 D , ~12!

wheress is the signal width,l is the location of the signal
andb is the background x-ray fluence. The scaling const
Cs(ss ,b) is chosen in two ways. The so-called SNR norm
ization setsCs(ss ,b) so that the input SNRideal is 1 as in
Refs. 6 and 13 or equivalently, divides by the input SNR

SNR25
SNRoutput

2

SNR2~ ideal! input
. ~13!

This normalization varies the amplitude of the signal as
size or location of the signal varies. Unless specifica
stated, plots are SNR-normalized.

The other normalization used fixes the area under
Gaussian~AUG-normalized! to give a SNR~Hot! ~defined in
Sec. IV! of 1 in the data for a small signal with no blur. I
that case,Cs(b) is not a function of the signal size. Thi
normalization will be useful when looking at structure
backgrounds. We give a description of the backgrounds
their corresponding sections.

IV. SNR COMPUTATIONS

Using the mean and covariance matrix of the data, we
define the Hotelling observer,4,12,14,15

tHot~g!5gsKg
21g, ~14!

whereKg
21 is the inverse of the data covariance matrix.

the nonrandom background case with deterministic blur,
Hotelling observer is the ideal observer.4,6 For the cases with
a finite number of secondaries or random backgrounds,
Hotelling observer is the optimal linear observer3 in the
sense that it maximizes SNRt among all linear observers.

We compute the performance of the Hotelling obser
for a signal at locationl as

SNR2~Hot,l !5gsKg
21gs . ~15!

To obtain an expression that is independent of the sig
location, we average over locations within a pixel, so

^SNR2~Hot!& loc5
1

NL
(
i 51

NL

SNR2~Hot,l i !, ~16!

whereNL is the number of signals used to compute the
erage. In this paperNL5100.

In order to compute the Fourier-based figures of merit,
define the presampling modulation transfer functi
~PSMTF! by

PSMTF~n!5
uH~n!u

G
, ~17!
Medical Physics, Vol. 31, No. 2, February 2004
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where H(n) is the Fourier transform ofh(x) and G is
uH(0)u. We define the digital NEQ (NEQdig) for a flat back-
ground by sampling PSMTF at the frequencies estima
from the pixel values:6

NEQdig~PSMTF!5
b0

2G2PSMTF2~n i !

NPSdig~n i !
, ~18!

whereb0 is the background x-ray fluence and NPSdig is the
variance of the DFT coefficients of the data. The DQE is
normalized version of NEQ,16,17

DQEdig~n i !5
NEQdig~n i !

b0
. ~19!

To rank or optimize digital detectors we need to redu
NEQdig(n) to a scalar. We create a SNR by defining a fra
tional signals0(x)5 s(x)/b0 and adding the elements of th
NEQdig(n) weighted by the frequency components of t
signal of interest,

SNR2~DFT,S0!5 (
nm52 1/2

1/221/M

NEQdig~nm!uS0~nm!u2, ~20!

whereM is the number of detector pixels (M5256 in this
paper! andS0(n) is the Fourier transform ofs0(x).

A different type of NEQdig-based SNR uses a discret
space Fourier transform ~DSFT! to estimate
^SNR2(Hot)& loc . We approximate the DSFT using the DF
and use the periodicity of both the DFT and DSFT,10

SNR2~DSFT,S0!5 (
nm52`

`

NEQdig~nm!uS0~nm!u2. ~21!

In all of our formulations for the SNR we assume that w
have access to the mean data and the covariance matri
not the model that generated the data. For a detailed de
tion of these expressions and their relation to continu
radiography see the accompanying paper.6

V. THE DATA COVARIANCE MATRIX

Our approach to quantifying detectability is based on
Hotelling observer which uses only the mean and the co
riance of the data. It behooves us to examine how the dif
ent sources of variation contribute to the data covaria
matrix.

We can write the overall data covariance for a digi
radiography system as18

Kg5Kg
elec1Kg

x1Kg
gain1Kg

obj1Kg
Kx , ~22!

where the terms represent, respectively, the electronic no
the Poisson statistics of the x rays as reflected through
gain mechanism; the excess noise of the gain mechanism
effect of the object randomness, and the effect of the
absorbed Compton-scattered photons andK x rays.

In the accompanying paper6 we introduced the genera
approach of studying how Fourier-based methods corre
with signal detectability. We examined the effect of ele
tronic noise and excess noise of a uniform background w
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deterministic blurring. In this paper, we look at the effect
a nonuniform background and object randomness. We
account for the statistics of the gain mechanism by allow
the x-ray photons to produce a finite number of random
located secondaries.

The re-absorption of Compton-scattered photons orK
x rays creates short-distance correlations that, while t
should be taken into account for realistic modeling, will n
produce qualitatively different behavior than presampl
blur.

VI. FINITE NUMBER OF SECONDARIES

The x-ray photons in digital radiography are detec
through their interaction with the detector material. In sc
tillating detectors, they produce light photons. For semic
ductor detector they produce electron–hole pairs. The n
ber of secondaries and the position of the secondarie
random. We assume for simplicity that the gain proc
obeys Poisson statistics.

With a constant background x-ray fluence@b(x)5b0# and
a finite number of secondaries with meanNs , the data cova-
riance matrix is4,19

@Kg#mm85F E
m

dx@H1b0#~x!Gdmm8

1E
m

dxE
m8

dx8@H2b0#~x,x8!, ~23!

with

@H1b#~x!5E
2`

`

dyNsp~x2y!b~y!

and

@H2b#~x,x8!5E
2`

`

dyNs
2p~x2y!p~x82y!b~y!.

Including the random nature of the secondaries introdu
a diagonal term to the data the covariance matrix. In Fig
we see that for small signals, the detectability decrease
we increase the presampling blur. For larger signals, we
the same kind of maximum seen in the presence of electr
noise with deterministic blur.6

VII. NONRANDOM STRUCTURED BACKGROUNDS

For most medical cases there is anatomical structure
affects the detection task. We may consider this structur
be a nonrandom spatial function for repeated imaging of
same patient, or we can consider it to be random for differ
patients. Even deterministic variation in the background
ence does away with the assumption that the system ca
shift invariant or stationary.

We consider a nonuniform background with determinis
blur ~the limit of large number of secondaries! and no elec-
tronic noise. The covariance matrix under these circu
stances is given by
Medical Physics, Vol. 31, No. 2, February 2004
f
ill
g
y

y
t

d
-
-
-
is
s

s
,
as
ee
ic

at
to
e

nt
-
be

-

@Kg#mm85E
m

dxE
m8

dx8@H2b#~x,x8!. ~24!

We now do a numerical integration for every element of t
matrix. In the limit of a large number of secondarie
SNR2(Hot) is independent ofNs .

To illustrate the effect of background structure, we gi
b(x) a simple functional form

b~x!5bmin14~bmax2bmin!
x2

M2 , ~25!

with bmax5106 photons/pixel andbmin5105 photons/pixel.
Using this functional form~Fig. 3! for a subregion of the
detector, we show how the detectability varies with the lo
tion of the signal~Fig. 3!. For a small signal where we fix th
amplitude~AUG-normalized!, there are two sources of spa
tial dependence~Fig. 3!. We can see the location dependen
due to the pixelization and the change in detectability due
the structured background. As we would imagine, the det
ability is higher for the locations with higher fluence. Whe
we normalize by the input SNR~Fig. 3! only the pixel vari-
ability is left since we accounted for the background var
tion in the normalization.

For a structured background and no presampling blur,
covariance matrix is diagonal but not a multiple of the u
matrix. Taking the DFT of the data under these circu

FIG. 2. SNR2 vs presampling blur for~a! a small signal and~b! a large
signal. We consider the incoming photons as a Poisson point process
the mean number of secondaries (Ns) equal to 100. The increase in
DQEdig(0) is due to the finite size of the detector.
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FIG. 3. A subregion of a structured background~a! and SNR dependence on blur for a small signal at the center of the domain~b!. The comparison in~b! was
done for the^SNR2(ideal)& loc with the structured background and the DFT-based SNRs with a flat background with the correct background val
dependence of SNR for a small signal (ss50.01 pixels,sb50.25 pixels,) when normalized by the area under the Gaussian signal~AUG!—Ref. 12—behaves
as we would expect~c!. When we normalized by the input SNR, the output SNR~Hot! is independent of fluence~d!.
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stances takes a diagonal covariance matrix in the pixel
main to a nondiagonal matrix in the Fourier domain. T
detailed computations are given in the Appendix.

VIII. RANDOM STRUCTURED BACKGROUNDS

Optimizing an imaging system for a specific object do
not necessarily translate to optimizing the system for all
objects of interest. In particular, the statistics of the obje
may drastically change the optimal design.7,8 For digital ra-
diography, object variations introduce long-range corre
tions which provide an added complication to the use
Fourier-based methods. Increasing the correlation lengt
the data makes the covariance matrix less circulant, there
increasing the error involved with assuming that the D
diagonalizes the covariance matrix.

To introduce object variation, we will add a zero-me
random ~lumpy! background to the flat background~with
Medical Physics, Vol. 31, No. 2, February 2004
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fluenceb0). We create the backgrounds by filtering whi
noise such that the noise power spectrum is given by20

Wa~n!5W~n!uA~n!u2, ~26!

where by definition the power spectrum of white noiseW(n)
is constant, andA(n) is a Gaussian filter of the form

A~n!5A~0!exp~22p2sa
2n2!. ~27!

Hence, the power spectrum of the lumpy background
given by

Wa~n!5Wa~0!exp~24p2sa
2n2!,

whereWa(0)5W(0)A(0)2.
To compute the data covariance matrix, we use the a

correlation function given by the inverse Fourier transfo
of the power spectrum
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Ra~x!5
Wa~0!

A2ps lbg

expS 2
x2

2s lbg
2 D , ~28!

with s lbg equal to&sa . The covariance matrix of the dat
~with deterministic blurring and no electronic noise! when
we include object randomness is given by4,19

@Kg#mm85E
m

dxE
m8

dx8$@H2b#~x,x8!

1@H1RaH 1
t #~x,x8!%. ~29!

The computations were done withb05106 photons/pixel,
Wa(0)5108 photons2/pixel ands lbg55.0 pixels. We do not
need individual realizations to compute the figures of m
but we present a sample background and lesions to b
visualize the detection problem~Fig. 4!.

By introducing anatomical correlations, we make the c
variance matrix less circulant. Forsb51.0 pixel, we can see
that the covariance matrix has significant off-diagonal e
ments that propagate into the covariance of the DFT of
data (KDFT) ~Fig. 5!. In the accompanying paper6 we include
a similar image in the absence of anatomical variation.

The long-range correlations in the data cause a large
ror in the Fourier-based methods~Fig. 6! than when there are
only short-range correlations. The^SNR2(Hot)& loc remains
unchanged as we increase the presampling blur becaus
Hotelling observer can undo the correlations caused by
lumpiness. The DQE~0! is b0 /Wa(0) and remains constan
as we increase presampling blur. We computed SNRinput in-
cluding the lumpy background variation using numerical
tegration in the Fourier domain

SNR2~ ideal! input5E
2`

`

dn
uS~n!u2

Wa~n!1b0
. ~30!

FIG. 4. Piece of a sample random background (b05106 photons/pixel,
Wa(0)5108 photons2/pixel ands lbg55.0 pixels). We also include the two
lesions ~at x527.5 and 7.5! with their amplitudes normalized to hav
SNRinput51. Note that the amplitude of the signal atx527.5 is much
smaller since it is easier to detect a signal with a width much smaller t
the background variations.
Medical Physics, Vol. 31, No. 2, February 2004
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Note that because of this normalization, the SNR in the d
can be 1 even in the presence of anatomical variation.

IX. DISCUSSION

The effect of the random number of secondaries on
second-order statistics of the data is an additional diago
term to the covariance matrix. Hence the behavior of
detectability is similar when electronic noise is added to
model with deterministic blur.

If the background fluence has structure and we are c
cerned with quantification of the detectability of a signal, w
cannot assume a constant background. Fourier methods

n

FIG. 5. ~a! Covariance matrix of data with random background (b0

5106 photons/pixel,Wa(0)5108 photons2/pixel ands lbg55.0 pixels) and
sb51.0 pixel. ~b! Log of the covariance matrix of the DFT coefficients o
data with random background andsb51.0 pixel. The varying anatomica
background introduces long-range correlations in the covariance ma
Even though the background is stationary, these correlations transla
larger off-diagonal elements in the covariance matrix for the DFT coe
cients (KDFT) than in the flat background case~Ref. 6!.
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an inaccurate result. Fourier techniques are not localize
space, so a spatially varying fluence makes estimation o
accurate NPSdig impossible. In practice, NPSdig is measured
with images obtained from a uniform x-ray exposure a
contain much less variation than clinical images. If we a
looking for a design decision, we are concerned only w
relative values of the figure of merit with respect to the p
rameter of interest. We compute the SNR2(ideal) of signals
for a given position with the full covariance matrix an
NEQdig-based SNRs using a flat background with the corr
background value~Fig. 3!. The kind of errors one gets fo
this comparison are similar to those obtained from a
background.6 Those errors depend on the size of t
detector,12 type of spectral estimation,21,22 and whether one

FIG. 6. SNR2 vs presampling blur with a random~lumpy! background (b0

5106 photons/pixel,Wa(0)5108 photons2/pixel ands lbg55.0 pixels) for
~a! a small signal and~b! a large signal. The correlations introduced b
anatomical variation lead to quantitative differences between the SNR
fined by the DSFT and SNR~Hot!. We also see that the large signal is mo
affected than the small signal. DQEdig(0)' b0 /Wa(0) and remains con-
stant. For this reason, DQEdig(0) is not included in the plot. Note that for th
large signal, the DSFT and DFT plots overlap.
Medical Physics, Vol. 31, No. 2, February 2004
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uses the analytic model that generated the data.10,15

The introduction of the lumpy background affected n
only the difference between NEQdig-based methods and SN
R~Hot! for a given signal but it also increased the differen
between SNRs for signals of different sizes. In the flat ba
ground cases, the deviations between SNR~Hot! and SN-
R~DSFT! occurred mostly for the smaller signals. When w
include anatomical variation, the larger signals are also
fected. Using the flat-background result in Ref. 6, we see
the large-signal detectability is more affected by the ba
ground randomness than the small-signal detectability~Fig.
6!. This is reasonable considering that the large signa
closer to the scale of the background variation.

We applied the Hann window23 to the estimation of the
NPSdig . This modification resulted in a significant increa

FIG. 7. We recomputed the plot from Fig. 6~b! using the Hann window for
the estimation of the NPSdig . In ~a! we see a large effect in how the Fourie
methods correlate with Hotelling detectability. UsingM564, ~b! shows that
the effect of the window will depend on the size of the images used.
‘‘ w’’ subscript means that the quantity was computed using the Hann w
dow. Note that blur range goes up to 1.4.

e-
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in the correlation of the Fourier techniques with the Hote
ing detectability as was seen in the accompanying pap6

Figure 7 reproduces Fig. 6 using the Hann window instea
the implicit rect window. While the Hann window reduce
the effects of a finite detector size, usingM564, Fig. 7
shows that the correlation of Fourier methods with dete
ability will depend on the window size.

To explore the effect of the background variation on s
nal size we plot̂ SNR2(Hot)& loc vs ss ~Fig. 8!. In the first
plot, the correlation length of the background is similar to t
small signal. The presampling blur separates the signal f
the background. In the second plot, there is a transition.
smaller signals no blur is preferable, but the opposite is t

FIG. 8. SNR2 vs signal width for a random~lumpy! background with~a!
s lbg50.01 pixels, Wa(0)5108 photons2/pixel and ~b! s lbg51.0 pixel,
Wa(0)5108 photons2/pixel. In the first plot, the correlation length of th
background is similar to the small signal. The presampling blur separate
signal from the background. In the second plot, there is a transition.
smaller signals no blur is preferable but the opposite is true for larger
nals. To emphasize smaller signals we plot SNR vssb as in Ref. 13 instead
of SNR vs 1/sb as in ~Ref. 6!.
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for larger signals. The different types of behavior seen
signals shows the need to characterize both the signal
background to evaluate the detector.

X. CONCLUSIONS

The NEQdig-based approach to image quality is co
strained by its stationarity and shift-invariance assumptio
While these assumptions are a sensible first model to ex
ine, fundamentally different behavior appears when we
clude other sources of variation like structured and vary
backgrounds. Even though we used stationary backgrou
the finite detector size was enough to introduce signific
errors in the DFT-based SNRs. As we use more complica
models, we are required to consider detectors whose imp
response is shift-variant and whose statistics are not sta
ary. It is important to quantify the errors involved with th
use of Fourier methods as they can lead to design decis
which do not correlate with detectability.
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APPENDIX

We consider a special case that illustrates a possible d
back of working in the Fourier domain. The intended adva
tage of working in the Fourier domain is a dimensional
reduction of the covariance matrix of the data. If the DF
diagonalized theM3M data covariance matrix, then theM
elements of the diagonal would fully describeKDFT . Let us
consider the case where the background is flat and there
presampling blur but with pixel-dependent gain~equiva-
lently, a structured background!. In that case,Kg is given by

@Kg#mm85sm
2 dmm8 , ~A1!

wheresm
2 is the variance at themth pixel. The covariance

matrix is diagonal in the pixel domain. If we apply the un
tary DFT (D) to the data, then the covariance matrix for t
DFT coefficients is

@KDFT#kk85@DKgD†#kk8 ~A2!

5
1

M (
m51

M

e2p i (k2k8)msm
2 . ~A3!

We get a covariance matrix that is circulant in the DF
domain!
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