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Digital radiography systems can be thought of as continuous linear shift-invariant systems followed
by sampling. This view, along with the large number of pixels used for flat-panel systems, has
motivated much of the work which attempts to extend figures of merit developed for analog
systems, in particular noise equivalent quafN&Q) and detective quantum efficien€PQE). A

more general approach looks at the system as a continuous-to-discrete mapping and evaluates the
signal-to-noise ratigSNR) completely from the discrete data. In this paper, we study the effect of
presampling blur on these figures of merit for a simple model that assumes that the background
fluence is constant and that the blurring of the signal is deterministic. We find that for small signals,
even in this idealized model, commonly used DQE/NEQ formulations do not accurately track the
behavior of the fully digital SNR. Using these NEQ-based figures of merit would lead to different
design decisions than using the ideal SNR. This study is meant to bring attention to the assumptions
implicitly made when using Fourier methods. @04 American Association of Physicists in Medi-
cine. [DOI: 10.1118/1.1631426
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I. INTRODUCTION SNR (from a detection-theoretic view In particular, we
draw attention to the assumptions implicitly made when us-
ing Fourier methods. To this end, we use a simplified model
that assumes a flat background and deterministic blurring. In
the accompanying papemwe study the effects of a finite

Most efforts regarding the evaluation of digital radiography
center around noise equivalent quafi#EQ) and detective
quantum efficiencDQE). These figures of merit combine
the digital and continuous a;spects of the imaging Syéfé;’?“- number of secondaries, nonuniform x-ray fluence, and ana-
They are an attempt to provide a frequency-dependent f'gurﬁ)mical variation.

of merit that can be used to optimize the hardware for the

task of signal detection. These NEQ and DQE formulations

are being used to make design decisions such as the preferred

amount of presampling bl These studies found that some Il. CONTINUOUS-TO-DISCRETE MODEL

presampling blur not only reduces aliasing but may also im- We consider a one-dimension@D) linear digital radiog-

prove the perfor_mance of the d|g|ta_l detectqr. .__raphy system with deterministic blurring. This imaging sys-
In analog radiography systems with a stationary and Imea{em maps the incoming x-ray Poisson point proas(s to a

shift-invariant(LSIV) model, one can decompose the signal-finite data vectog. The incoming x-ray point procesgx) is

to-noise(SNR) into the hardware component and an object . ’

component:® The NEQ gives the hardware-dependent parlglven by

of SNR. Hence, by optimizing NEQ, one can optimize the J

hardware without taking into account the object to be im- u(x)=2 S(X=X;), 1

aged. The separation of the object and hardware parts de- =1

pends on the Fourier transform diagonalizing both thg SYSwherelJ is the Poisson-distributed number of x rays 4rg
tem operator for a LSIV system and the autocovariancgye the locations of the randomly distributed x rays with a
function for a wide-sense stationafySS random process. fjyence off(x), i.e., (u(x))=f(x). In the absence of elec-

In digital radiography there is no such transformation sincgyonic noise, the imaging system can be written as
the object being imaged is continuous and the data are dis-

crete and finite. o

The lack of a single transformation that diagonalizes both  9m= Z hm(xj)= f hm()f(x)dx+np, 2

L . - =1 -

the deterministic and stochastic descriptions of the system
leads to different formulations for NEQ and DQE. Using awhereg,, is the measurement at tmaeth pixel, h,,(x) is the
large number of pixels as a surrogate for a continuous represensitivity function of themth pixel, and the noise at each
sentation of the data, one can compute quantities analogogsxel, n,, is defined by
to the noise power spectruPS and the modulation trans-
fer function (MTF). The purpose of this paper is to compare Nm=g _f
commonly used formulations of NEQ and DQE to the ideal m

©

m hmn(x) f(x)dx. ()
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Written in vector form, EQ.(2) becomesg=[H.{f]+n, ((Im=—Om) (G’ — Omr))
whereHq is the continuous-to-discrete operator which gives
the noise-free measurement :f dx hm(X)f hmr(X')boﬁ(X_X,)dX,+O’ﬁ5mmr

Go=[Hed 1= | ny(0fO0dX. 4 -
On=[Hed ] J,@ ()t(x)dx @ =b0f Ren(X) s () AXF 28y - (10)

For the purpose of presenting the various figures of merity, e accompanying pap&re consider more realistic situ-
we write the continuous-to-discrete map as a continuous-tog;

tions.
continuous map followed by point sampling. Furthermore,

we consider a shift-invariant continuogsresamplingg map,
Ill. FIGURES OF MERIT FOR THE CONTINUOUS

o MAP

J
gpix)zzfl h(x—x’)=Jlmh(x—x’)f(x’)dx’+nps(x), We begin by considering the map from the x-ray point
(5) process to the presampling data random process. For that
imaging system, the detection task can be phrased as dis-

whereg,{x) is the presampling data random procesé criminating between the following two hypotheses:

—x') is the kernel of the continuous-to-continuous map,  gps dX) =[Hcb](X)+nydx) signal absent,
(1
[Hccf](x):joc h(x—x")f(x")dx’, (6) Ops, A X) =[Hcb](X) +[HS](X) +npgx)  signal present,

o whereg,;(x) represents the data before sampling under the
ith hypothesispb(x) is the background x-ray fluence, and
s(x) is the signal x-ray fluence.

w0 For the following analysis, the background is fixed and
nps(x)zgps(x)—f h(x—x")f(x")dx". (7) constanf b(x) =bgy] and the signal is deterministic, low con-
- trast, and known, in other words, we consider the signal-

The data before sampling is a sum of sensitivity function known-exactly/background-known-exacthBKE/BKE) de-

i . 7 Section task where the signal does not affect the data
whose locations are uniformly random. The statistics of this 9

random orocess will depend on the number of X ravs and thstatistics. We model the data before sampling as a Gaussian
P " dep . . Y Fandom process with the following autocovariance function:
shape of the sensitivity functiod$.As is customary in the

literature connecting DQE with signal detectabifity;*>we ((9pdX) = Tp (Gpd X' ) = Tpd)) = (Npd X)Npd X))

model the data before sampling as a Gaussian random pro- — Ky(X,X") (12)

cess. This model is justified by the central limit theorem if psiama e

the mean number of photons per pixel is reasonably large. The ideal observer chosen by the Neyman—Pearson crite-
The continuous-to-discrete map is obtained by point samrion requires that the observer maximize the true positive

andng is defined as in the continuous-to-discrete case:

pling and adding electronic noisg e, fraction for any false positive fraction in a detection ta$k.
Therefore, it optimizes the area under the receiver operating
[ B characteristic curvéAUC). The ideal observer according to
9m= f_xé(Xm X)Gpd X)X+ [Neteclm the Neyman—Pearson criteriortis
:gps(xm)+[nelec]m- (8) tidea(gps(x))zfi dX[HCL‘S](X) J‘i dX/ k,;sl(X,X,)gps(X,),
To simplify the notation and our computations, we let the (13

unit of distance be the pixel pitchx=m pixels). With re-
spect to our original description of the continuous-to-discretevherek J'(x,x’) is the kernel of the inverse of the autoco-
mapping we haveh,(x)=h(m—x), and n,=n,{(m) variance operator, defined such that
+[nelec]m-

In this paper, we let the incoming background x-ray Pois- f
son processi(x) have a constant fluence. Given a constant

" dx k;sl(x,x’)f dukdx' WiW=f(x). (19

— o0

fluence(u(x))=bo, the autocorrelation afi(x) is given by The SNR for any test statistit)(is defined as
((u(x) = bg)(u(x") —bg))=bed(x—x"). 9) _(t)—(to)
SNR o (15

We also assume the electronic noise has mean zero, is uncor-

related across pixels, and has the same varianﬁ}e &t all  where(t;) is the ensemble average under tkte hypothesis
pixels. Under these conditions, the data covariance matriand o(t) is the standard deviation of the test statistic. For a
elements aré Gaussian test statisti@s in this case the AUC for the de-
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tection task is a monotonic transformation of SNRhere-

fore we can use SNR to quantify the performance of the ideal

observer in an AUC sense.
The SNR of the ideal observer is given by

SNRZdeaF f

o

AHs100 | I HesIx).
(16

A shift-invariant imaging operator is diagonalized by the

Fourier transform:

Al HcS](X)} =PSTRv) S(v), (17)
where F is the continuous Fourier transform,is the fre-
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b3G2PSMTF(v)
NPSv)

NEQ(v)= (25

This version of NEQ has a maximu¢for a quantum-limited
system of by. The DQE is NEQ normalized by NEQ of a
guantum limited imaging system,

NEQ(v)

V)= .

bo

The NEQ and DQE are frequency-dependent figures of
merit that do not depend on the object characteristics. If one
optimizes NEQ or DQE at all frequencies, the system has
been optimized for all objects in a SKE/BKE detection task

(26)

quency variable, PSTP) is the presampling transfer func- ¢, 5 sustem with continuous data that is WSS and LSIV.
tion, andS(v) is the Fourier transform of the signal. For a These properties of NEQ and DQE made them popular and

WSS random procesgky(x,x") =Kq(x—x")], the Fourier

transform also diagonalizes the inverse of the autocovariance

operator, so

F fm dx’ ko (x—x")s(x") _ 3 (18)
e ps - NPYv)’
where NP%v) is the noise powefWienen spectrum defined

as the Fourier transform of the autocovariance function:

NP ») = FHkpd AX)}. (19
If we represent the data using the Fourier basis,
Hs(X) = J dvPSTR v)S(v) 2™, (20)
SNR reduces to
= |PSTRy)[?
SNdeeaI: f_xdv NPSv) |S(V)|2- (21

useful in analyzing continuous radiography systems.

IV. FIGURES OF MERIT FOR DIGITAL
RADIOGRAPHY

In digital radiography we have a digital detector that,
while it has a large number of pixels, still provides a discrete
representation of the data. Each of the approaches to follow
will attempt to generalize the figures of merit from continu-
ous radiography to this new setting.

A. The Hotelling approach

If we do not attempt to model the process that leads to the
digital data, the task can be seen as discriminating between

the following two hypothese¥: 19
90=0tN, 01=0pt+0gstn, 27

whereg; is a finite array of measurements under ttiehy-
pothesis, andy, andgs are the components of the measure-

At this point we already achieved a separation of the hardment arising from the background and signal, respectively,
ware component from the object component in the SNR andn is the noise. Just as in the continuous case, we pose the

expression. By optimizingPSTF@)|2/NPS(v), which can

task as the SKE/BKE detection task with a low-contrast

be computed from a characterization of the hardware, wgijgnal.

optimize the detectability of any signal. This separation of

For data with Gaussian statistics, the ideal observer by the

the hardware and the object of interest avoids having ameyman—Pearson criterion is the Hotelling test statiStfC,

object-dependent figure of merit. To present the results in a
manner that is standard in the community for image quality

tigeal ) = 9K 5 10, (28)

in digital radiography, we write the signal as a fraction of thewheregts is the transpose of the signal in the data &ijd' is

background

S(X) =bg Sp(X), (22

the inverse of the data covariance matrix. The 8N this
test statistic is given by

SNR¥(idea) =g, K * g. (29

wheresy(x) is a fractional signal. We also phrase the transfer

function in terms of the presampling MTF, PSMTIetting
PSTF(0)=C],

|PSTRv)|=GPSMTR v), (23
leading to the following expression for SRR
= b3 G?PSMTF(v)
_ 2
SNR’%ﬂeal_ f_mdv Npg V) |SO( V)| . (24)

Using this notation we can write NEQin the cited text,
the notation forb, is q) as
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This is the discrete data analog of the SNR expression in the
continuous case shown in E(L6). At this point, we have
assumed that the measurements are Gaussian distributed but
there are no shift-invariance or stationarity assumptions.

The signalgs depends on the locatioh)(of the signal and
therefore so does SNR. To obtain an SNR that is independent
of location, we average over signals uniformly distributed
over a pixef

1/2
(SNRe(ideal ) o= fﬁ 1/2d| SNR(ideal)). (30)
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For discrete data with Gaussian statistics, the Hotellinglo obtain a figure of merit that does not depend on the loca-
observer is rigorously ideal by several criteria including: thetion (I) of the signal, we average the signal location over a
Neyman—Pearson criteridA* maximizing SNR,%° and pixel just as we did in the Hotelling case:
maximizing the AUC for the detection taskFor the imag- - )

1/2 1/2 |G (6, |)|
ing situations described in this paper, a Gaussian model de- (gNR?), .= f f — s
scribes the data statistics well. For that reason, we label SNR 112 12 K==7(0)
of the Hotelling observer as the ideal SNR. In the accompa- 12 Y2 41 |GPSFT( g:1)2

. . . . *l/Zd | S ( ’ )l
nying paper, we consider situationgandom backgroundls = - ,
where the Hotelling observer is not ideal in the Neyman- -2 KZ=(0)
Pearson sense but still maximizes SNIRd the AUC among  where we made explicit the dependenceGd'(¢) on the
linear observers. signal location by using the notatid®>SF'(6;1).

We can writeG2SF(6;1) in terms of the continuous Fou-
rier transforms of(x) andh(x):**?!

B. The DSFT approach * _
GXF(o:1)= > H(o+m)S(o+m)e* ™, (36)
m=—owx

(35

To present the DSFT approatt! we consider the limit
of a detector with a large number of pixels. The discrete- 21
space Fourier transforfDSFT) is the continuous Fourier leading t6
transform of a sampled function. Unlike the discrete Fourier 112 -
transform (DFT), the DSFT can be evaluated for any fre- f dl|G2SFT(g;:)|2= X [H(6+m)[2[S(6+m)|2.
quency(6). We define the DSFT of an infinite-dimensional — 2 me 37)

data vectorg by
We then use the periodicity of the DSFIKPSF(¢)
=KPSFT(9+m)] to rewrite the expression f@ISNR?),y. as

GDSFT( 9) = mz gme—Zﬂ'im0. (31) ) | |2
== 12 H(6+m)
<SNR2>Ioc:f de 2 W|S(0+m)|2

For a constant background and deterministic blur, the co-

variance matrix is an infinite-dimensional Toeplitz matrix, * mi12  |H(v)|2
satisfying = f dv—pser— KO ,) |S(v)|?
m=-—o° Jm- 1/2
Kolmm =b h(m—x)h(m’ —X)dx+ 28y o H(v)|?
[ g]mm OJ_OO ( ) ( ) nmm :f dVKlD(FT)| |S(V)|2, (38)
:bOJm h(v_(m/_m))h(v)dv+gﬁ5mm, where the last step follows from breaking up the integral
- over the entire real axis over integer intervals. Here we have
DI, (32 achieved the same type of separation that we saw in continu-
ous radiography but with location averaging and an infinite
with detector. Note, however, that E8) involves two distinct
kinds of Fourier transformH(») is the usual Fourier inte-
- gral, butkPSFT() is, of course, a DSFT.
klzbof h(v—1)h(v)dv+ 038 o (33

A key result in writing SNR(ideal) expression using the C. The DFT approach
DSFT is that the infinite vectolr with elements{¥,

. The theory behind this approdcls based on using the
=™ s an eigenvector of the data covariance matrix: d y PP g

ata from an infinite detector to estimajg(x):

©

[ng]m:m27w Ky —m 27'r|0m _827r|0m 2 k e —27i 6l gpS(X)Qm;oc Jpn SING(X— M)
=KPSFl(o)w,. (39 ”
= 2 gpdm)S(x—m)*sindx)
In other words, the DSFT diagonalizes the data covariance e
matrix. Using the above-shown diagonalization, one can
write the SNR(ideal) expression for an infinite detector us- + 2 [Nejedmsindx—m)=8,dx). (39
ing the DSFT of the signal in the dati?! e
OSFT This approximation is exact in the absence of electronic
(-1 vz [GSPT(0))? noise if g,{x) is band-limited below half the sampling fre-
Ko 1g.= L N pstX) 1S .
9% Gs f_ 12 KPSFl(g) guency. The noise power spectrum is computedifgx) as
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NPS@DS(V)= NPSV)*m_ioo S(v—m)+ a2 |reciv) x H T T Z:lé(ac—x,,') x-ray photons

=NPSjg(). (40)

In practice, NPgq is estimated using the variance of the

DFT coefficients of the data. The numerator in the digital
NEQ is the same as in the presampling case but restricts th
frequencies to be within those that can be estimated from
sample images without aliasing. The denominator replaces I I I I N {wm (x)} pirels
the NPS from the presampling daggs with the NPS of the ELECTROMCS

estimateg,s as

J
> blur(z — a;) blurred secondaries
i=1

{gm} data
b3G2 PSMTF(v) . N .
NEQdig( V)= . (41 Fic. 1. Schematic of the model used for simulation. We consider the case of
NPSjig( V) a uniform background fluence and deterministic blurring of the x rays.

Using this definition of NEQ, as a building block, we can
define a DQFg,
In our simulationd varied within the center pixel in 0.01
_ NEQyig(?) ixel i fox-
DQEgy(v)= —Y (42)  pixel Incrementsbo was kept constant at & ray photons
0 per pixel, and the detector size was 256 pixels. When we
The DFT approach for extending the formulation of NEQ refer to adding 10% electronic noise, we mean thtis
and DQE to digital radiography did not start from aequal to 0.b,. This is equivalent to adding 10% of the
detection-theoretic interpretation of these quantities. Th&ariance in the case with no blurring and no electronic noise.
NEQq, and DQE;, were formulated as characterizations of Using this model we compute all NEQ-inspired SNRs as
the detector that somehow took into account the resolutiotvell as the ideal-observer SNR.
and the noise of the system. For a derivation of the circum-
stances where the DFT approach coincides with the
detection-theoretic interpretation, see Appendix A. VI. COMPUTATION OF THE FIGURES OF MERIT

Computation of the figures of merit will assume that we
V. MODEL USED FOR SIMULATION can estimate the PSMTF and the covariance matrix from a
To compare the behavior of the different figures of meritSet of sample images. While estimating these quantities will
we need to specify the details of our 1D model. The sensilé@d to errors, for the purposes of this paper we will use the
tivity functions are given by the convolution of the pixel €xact PSMTF and covariance matrix.

w(x) with the presampling blur: _System optimiz_ation r(_aquires a scala_r figure of merit._For
this reason, we will restrict our comparison to the location-
h(x :f blur(x— X" o) WX’ )dX'. 43 averaged versions of the SKRor the Hotelling and DSFT
m(X) —w ( 7o) Wn(X") “3 approaches. For the DFT approach, we use Nf® to
compute a SNR
For our simulations, we lew,(x) =rectx—m) and To create a SNRfrom NEQig(»), we begin by comput-
1 ) ing NPS;ig(v) from the data covariance matrix:
X
blur(x; o) = \/Z_Tobexr{ - Eg) , (44) NPSig( #m) =[ DK gD Tio = [K perlmm: 47

whereK pe7 is the covariance matrix of the DFT coefficients

wherex is the continuous space varialfie units of pixel3 andD is the matrix representation of the unitary DFT:

and o, is the blur width. For a schematic of the model, see

Fig. 1. 1 < 27imk/M
The signals of interest will be modeled by changes in the [Dg]k:—MmE:l Ome : (48)
fluence:

(x—1)? where M is the total number of pixels. Theoretically,
S(X: 041 ,bg) = Cy( 0 . bg)expl — L (45) NPS(v) is defined for an infinite detectdr In practice, it
208 is estimated by averaging periodograms of finite detectors.
The above-given expression in terms of the variance of the
DFT coefficients is equivalent to averaging an infinite num-

whereC¢(os,bg) is given by

be |V ber of periodogram®.
Cs(as,b0)=(\/_—> : (46) Using NPg;y we can define a SNRbased on NEG, by
s 12— 1M
This normalization of the signal sets the input SNR equal o SNR(DFT,Sp)= >,  NEQug(vm) [So(vm)|2  (49)
1 as in Ref. 19. vm=—1/2
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0.06

6, =0.01 3
0.2r b :
N Gb=0.25 i
= 1
v Op = 0.50 \
0 ‘ . . . \
0 01 0.2 0.3 04 0.5 pixel gap

Frequency (1/pixels)

0
S 9 Location within a pixel

Fic. 2. DQE;q for the model with no pixel gap and no electronic noise. The ) ) )
DQEg, defined using the PSMTF and the DFT can improve as we increas&!c: 3. Dependence of the ideal SNR on presampling blur and object loca-
the presampling blur, reproducing qualitatively the result found theoreticallytion for a small signal ¢,=0.01 pixels). In this model there is no electronic
and experimentally by Rowlandt al. (Ref. 6. We will show that im-  Noise and a pixel gap of 0.1 pixels. The location of the signal with respect to
provements in DQR, can be a misleading indication of improvement in the pixel strongly affects the dependence on presampling blur. A signal in
detector performance. the middle of a pixel has a maximutalong the blur axiswhile a signal at
the edge monotonically increases. We also see that presampling blur reduces
the effect of the interpixel gap.

This figure of merit is not location dependent since it ap- . . L .
9 P P blur is not only better at reducing aliasing but also at improv-

proximates SNR before samplingsee Appendix A ing overall system performance. This conclusion would be
For the DSFT approach we approximate the DSFT by 9 y P ’

. e an incomplete version of the story.
using the DFT and use the periodicity of the DSFT, We begin by looking at the dependence of SNRa) on

KPSFT(p+aM)~[K perlmm (50) the signal location. For signals much smaller than a pixel, we
gSee astrong dependence on location as we vary presampling
SNR given in Eq.(38) as blur (see Fig. 3. For s_lgnals_larger than a p|>_<el_, we do npt
" Bl o e et o Cerecrapiny comouta
b Vm -
SNR(DSFT Sp) = ) Zﬁw KODTT(vm)|SO( vm)? (5D tions. In the surface plaFig. 3), if we fix the signal location
" to be in the center of the pixel, there is a maximum along the
” blur axis. If a detectability study were done with a small
, Zﬁx NEQuig( ¥m) |So(vm) |2 (52 signal always at the center of the pixel, the conclusion would
" be that some presampling blur would significantly improve
In our simulations, the DFT was replicated over 20 periodsdetectability. The gap shown in Fig. 3 becomes less notice-
For the Hotelling approach, we can compute SN&eal)  able as the presampling blur increases. As one would expect,

without using the continuous description of the presamplinggresampling blur takes small signals in the gap and extends
system. To approximate the location-averaged version ofhem to the active area of the detector.

for any integera. Then we discretize the location-average

SNR we use The NP$j; computations use the variance of the DFT
1N elements but ignore the off-diagonal element&ggr. With
<SNR2(ideaD>|oc=N—2 SNR(ideal];) (53 no electronic noise andy=1 pixel, the diagonal elements
Li=1 dominate but the off-diagonal elements are not Z€&ig. 4).

with N, =100 andl varying from 0.005 to 0.99%uniformly The off-diagonal terms are small with respect to the diagonal
over the pixel in the center of the arjay terms but there are many of them-N2). The error that

arises from these off-diagonal terms can be assessed by their
effect on signal detectability.
In order to carry out the comparisons between the ideal
SNR and NEQq, we vary the amount of presampling blur
The different figures of merit were studied by looking at and see how SNRs changeig. 5. We find that for small
the effect of varying the amount of presampling blur in aamounts of presampling blur, the DSFT SNR given by Eq.
similar way as Rowlandet al® Just as in the Rowlands’ (38) closely approximates the location-averaged ideal SNR
paper, we see an improvement in the DFT DQfJl) when ((SNRZ(ideal»k,c).21 The difference seen at higher presam-
we look at the case without electronic noigég. 2). Such a  pling blurs reflects the errors in approximating the DSFT by
result may be interpreted as saying that adding presamplingsing the DFT. For our simple model, in the limit of an

VII. SIMULATION RESULTS
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0.95¢ .
-6 i
0.04l — (SNR? (ideal))__ |
5 ' .=.- DSFT
- DFT
post i
" DOEL(0)
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(b) log(|KpFrl)
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Fic. 4. (a) Covariance matrix of data for,=1.0 pixel. (b) Log of the
covariance matrix of the DFT coefficients of data fay=1.0 pixel. These  Fic. 5. SNR vs presampling blur fofa) a small signal antb) a large signal
covariance matrices show the existence of off-diagonal elements in the cdor the model with no electronic noise. The SNRs vary differently as we
variance matrix of the DFT of the data. Their magnitude is small but thereincrease presampling blup(). The detectability is dominated by discreti-
are ~N? of them. Their importance will be quantified by their effect on zation effects which lead to a much larger decrease in detectability for small
signal detectability. signals than for large signals. Note that the increase in @B is due to

the finite detector size and that for the large signal, the DFT and DSFT plots

lie on top of each other.

infinite number of pixels, the Toeplitz covariance matrix be-
comes circulant®!’

The DSFT SNR is the only NEQ-based SNR that attemptsblur. The{ SNRé(ideal)),.c, on the other hand, remains con-
an explicit connection to signal detectabifffyThe DFT  stant.
SNR and DQHED) should not be compared in terms of their ~ As the signal size increases, the difference between the
exact agreement withSNR?(ideal)),c but in terms of the DSFT SNR and the DFT SNR decreases. This is because the
design decisions to which they lead. In particular, if we lookfrequency support of the signal mostly lies below half the
at the case with Poisson noise and no electronic noise with sampling frequency of the detector. In that case, both SNRs
small signal(Fig. 5), all three SNRs have different behavior are the same.
as we increase the presampling blur. Part of the motivation The DQE;4(0) is included in the plot not because it has
for this work was the counterintuitive result found by Row- been suggested as a figure of merit for evaluating presam-
lands et al® where presampling blur appeared to improvepling blur but because of its use as a summary measure for
detector performance. This result as seen before in DQBystem characterization. As one would expect, RGE)
(Fig. 2) is reproduced by our model. The DFT SNR for a changes very little with presampling blur. Blurring before
small signal has a maximum as we increase presamplindetection should not change the total counts or the variance
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Fic. 6. SNR vs presampling blur fofa) a small signal an¢b) a large signal  Fic. 7. SNR vs presampling blur fofa) a small signal an¢b) a large signal

for a detector with an interpixel gap0.1 and no electronic noise. Surpris- for a detector with 10% electronic noise. We see an overall decrease in SNR
ingly, (SNRe(ideal)),,. remains unchanged for the small signal. The de- but there are also fundamental changes in the behavior from the case with no
crease in detectability in the gap is compensated by an increase in the actigdectronic noise. The electronic noise washes out the maximum found in
part of the pixel. Note that for the large signal, the first three SNRs almosSNRDFT) for small signals(Fig. 6). In Fig. 7, (SNR(ideal)),,. and SN-
completely overlap. R(DSFT) lie on top of each other.

of the total counts. The increase that is seen with presam-

pling blur is due to the errors in estimating the variance ofeffect of the gap is reduced. For large sign&lig. 6) there is

the zero frequency with a finite size detector and DFT techa small decrease in SNR due to the gap, but the qualitative
niques. When we increase the detector size, the @B  behavior remains the same as in the case where there is no
plot becomes flat. gap.

Not only do the design decisions vary with the SNR cho- We also examined the effect of adding electronic noise to
sen, they also vary with the signal of interéBig. 5. The  our model by adding independent Gaussian noise with 10%
design process has to include the signal of interest. of the variance of the Poisson noise to our data. The results

Introducing an interpixel gap produced an unexpected reshow that for small signaléSNR’(ideal)),, no longer re-
sult in (SNR(ideal)),o.: it remained constanfsee Fig. 6. mains constantFig. 7). The ideal observer can undo the
Even though for a small amount of blur SNR for a small correlation arising from the presampling blur but not the
pixel at the gap is zero, SNR for the active part of the pixelvariance from the electronic noise added after detection. For
increases such that SNR averaged over a pixel remains usubpixel signals, we find that having no presampling blur is
changed. The DQIg(0) with no presampling blur is equal optimal. Even with electronic noise, for signals larger than a
to the quantum efficiency0.9) but as the blur increases the pixel, presampling blur increases detectability slightly
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VIIl. DISCUSSION

AY

i - 6b=0.01
os ; =- Op=10 The purpose of this paper was to explore the connection
08\ between the different formulations of NgQand the ideal
L 07 SNR. In particular, we were interested in raising awareness
=~ o6l & of some of the limitations of commonly used Fourier meth-
g 0sl t ods. We are not claiming that there are no Fourier methods
Nz ' _ that could approximate the Hotelling detectability for the
Z 04r % 1 simple model used in this paper. As the reviewers pointed
~ oal S . out, the use of a Hann winddWfor the estimation of the
ok X NPS&;4 improves the correlation of the Fourier-based meth-
ods with Hotelling detectability. The details and representan-
o1y tive results of this modification are included in Appendix B.
0 : : : : The degree to which the Fourier approximations approach
0 20 40 60 80 100

1o, the Hotelling observer will depend on the size of the
_ o _ detector’ the type of spectral estimation us&d>?°and the

Fic. 8. (SNR¥(ideal)),. vs liog for an interpixel gap of 0.1 pixels and no knowledge of the analytical mod&}2! among other factors
electronic noise. In this case, presampling blur helps to decrease the effect op . ’ . o
the gap for all the signals studied. What we found is that the NE§ formulations studied
here do not always correlate to detectability. For small sig-
nals, with and without electronic noise, SNFFT) has a
maximum where SNRdea) remains constant or decreases.
The design decision made by using SIBRT) would be
different than the one taken if we look at signal detectability.

after Qetection improves _ the approximatior_1 of theTherefore, we should use a fully digital figure of merit that
(SNR¢(ideal)) o by the DSFT SNR. Electronic noise makes _ . . . . )
avoids the pitfalls that come from trying to combine continu-

the covariance matrix more diagonally dominant and henc%us and discrete descrintion of the imagina detector
closer to being diagonalized by the DFT. The D) is P ging '

! Our simple model only slightly tested the circulant nature
reduced as expected and does not change as we increase t?? . . -
. of the data covariance matrix. In more realistic models, there
presampling blur. .
. . will be more sources of error for these task& There are
The NEQjq attemplts to provide a scale-dependent flguref rther complications with real measurements. The NPS is a
of merit. A more theoretically sound approach is to plot u plicati Wi u ' !

(SNR¥(ideal)yyq. Vs Lior.. This kind of a plot can be used to stationary tool that is being applied to nonstationary detec-

answer questions having to do with the size of a signal. I:ig:[ors. While detectors have large numbers of pixels, smaller

ure 8 shows how presampling blur helps to decrease the efections of the detec.tor are “Se_o,' o estlmatecji\dP$hg use
fect of the interpixel gap. If we add electronic noise theOf those smaller sections magnifies the errors associated with

presampling blur becomes undesiraiiég. 9). working in the frequency domain. In real data sets, there
would also be errors associated with estimating the PSMTF
from the data.
The interpixel gap reveals a weakness in the location-
averaged approach to detectability. Location averaging sim-
_'0b=0,01 plifies the analysis because it removes the location depen-
0.9¢ o G=10 ] dence for a flat background. This simplification carries with
it the inability to distinguish between a detector with and
without a pixel gap for a small signal. In the following
paper’ we will see that in structured backgrounds, location
dependence cannot be avoided.

To obtain a figure of merit that depends on scale and takes
into account measurement uncertainty without the use of
Fourier methods, we suggest a plot(@&NR(ideal)),,. as a
function of signal sizéFigs. 8—10. This pixel-domain quan-
tification of system performance does not rely on shift-

, i invariance or stationarity. Frequency is a natural surrogate
__________________________________________ for size in LSIV systems but in digital radiography it seems

' ' ' 80 700  more natural to use signal size to talk about the scale depen-
dence of a detector’s performance. The normalization of the

Fic. 9. (SNR(ideal)),,c VS Lirs for an interpixel gap of 0.1 pixels and 10% signals was done such that the Si}lR)OMd be interpreted
electronic noise. as a DQE:

(~3%). We also see that introducing electronic noise

loc

({ SNR%(ideal) )
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encouraging the discussion about where Fourier methods
_0.25 1 have limitations and how can they be improved or replaced
6. =05 by pixel domain methods.
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APPENDIX A

The DFT approach computes the presampling NEQ with-
o 20 20 0 30 700 outthe knowledge of the exact continuous presampling map.
Vo, If we consider our model in the limit of an infinite detector

with no electronic noise and,{(x) restricted to be band-
Fic. 10. DQE based on the Hotelling observer vg Jlfor the same model as gpS( )

Fig. 2. Frequency is a surrogate for signal size in the same way thatsl/ limited beI_OW _half the_ samplmg freque_ncy’ theﬂ)S(X)_
This plot is a version of DQE that does not rely on Fourier methods but= gps(X)- Sinc interpolation under those circumstances is an

maintains all the properties of Fig. 2. The Hotelling DQE still shows im- invertible transformation between the data and its continuous
provement with increased presampling blur but much reduced from Whabresampling representation. Since §I(\IReaI) is invariant
Fig. 2 would imply. ! . "
under invertible transformations, SKfdeal) computed
from the data is the same as the one computed before sam-

pling:

SNRZAOt(OUtpUD
DQEHOt:W' (54) 1. [ b2 G2 PSMTR(v) ,

gsKg gS dV NPS‘ (V) |SO(V)| " (Al)
In Fig. 10, we plot the alternative formulation of DQE S 9
(DQE,,) in which there is little improvement by increasing ~ We quantify the errors incurred by these approximations
presampling blur. by looking at the deviations between the DFT SNR and the
ideal SNR. The largest deviations arise for small signals and
small amounts of presampling blur. The errors are even

larger when we include object variability.

IX. CONCLUSIONS

The interpretation of DQE in terms of signal detectability
for continuous data was established by Wadhdthis paper
: . . o APPENDIX B
studies the connection between signal detectability and the . . _
commonly used extensions of DQE for digital detectors. We Tapering windows such as the Hann winddware some-
find that NEQ;y and DQE;y do not always correlate with times used in spectral estimation to reduce spectral leakage.
signal detectability. These results encourage the verificatioultiplying the data vector(g) by a window (a diagonal
of the assumptions made when using Fourier methods. ~ matrix, W) that smoothly approaches zero at the edges re-
Working in the pixe| domain avoids the Stationarity and duces the effects of the finite sample size. We consider the
shift-invariance assumptions needed to justify NEQ Hann window,
Avoiding such assumptions makes the Hotelling-based SNR 1 m—1
oo

20— (B1)

generalizable to more realistic situatiotishis generalizabil- Whm=3% MV

ity and accuracy comes at the price of more computational 2

expense and the necessity to include the signal in the evalv/e can express the digital noise power spectra as
ation process. To justify the added effort, we have shown tha

under some circumstances, using Nig®ased figures of 1 tt

merit lead to the incorrect design decision. For the model [NPSJig]m_U[DWKQW D' mm. (B2)
used in this paper, the disagreement is restricted to extreme\%_

small lesions. As the model becomes more complicited, ith

effect affects larger lesions. If one adheres to the statistical- 1 M

decision-theory interpretation of SNR, the SNR defined from U= — 2 Wzmm. (B3)

the Hotelling observer provides the most reliable approach to m=1

system optimization. Ways to carry out these computation$Ve applied this window to our results. The use of the win-
for large matrices and more realistic models is an active aredow had a significant effect. For our model, the use of the
of researcl®°In the larger picture, both Fourier and pixel Hann window extended the blur range where Fourier meth-
domain methods are trying to connect optimization of digitalods correlated to the Hotelling detectability. Figure 11 repro-
detectors to the detection ta¥k!®?1?*We are interested in duces Fig. 5 using a Hann window instead of the implicit
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