Energy-based scatter correction and energy dependengiragnstruction for PET scanners

Lucretiu M. PopescuMember, |[EEE, Samuel MatejSenior Member, |EEE,
Robert M. Lewitt,Senior Member, |IEEE, and Joel S. KarpSenior Member, IEEE

Abstract— In this paper we propose a comprehensive energy whereE, E» are the reported energies of the first, respectively

based scatter correction approach for PET. The detailed engy
information that comes with the list-mode data, as well as tk
marked difference between the energy spectra of unscattedeand
scattered photons are used for the estimation of the scatted
events distributions and inside the reconstruction algotihm to
individualize the correction terms for each coincidence bytaking
into account the probability of each event to be a true, a scatred
(or a random) given its position and energy information. The
central piece of our approach is the two-dimensional deteor
energy response model represented as a linear combinatiofi four
components, each one representing a particular state a PETvent
can be found in: both photons unscattered, the second scatesl
while the first not, first photon scattered while the second ng and
both photons scattered. For a set of events collected in thécinity
of a given line of response, the coefficient of each componeist
determined by applying a statistical estimator. As a resultwe
obtain the number of scattered events that are in the given $e
The model gives us also the variation of scatter fraction wh the
photon pair energies for that particular position in the data space.

I. INTRODUCTION

In this paper we propose a comprehensive energy ba

second photon of a PET detection event. Here the individual
photons in a PET event are distinguished by their positiah an
not by the their detection order. We hawg the number of
true coincidences (both photons unscattered)the number

of events with the second photon scattered while the first
not, oo the number of events with the first photon scattered
while the second not, ands the number of events with
both photons scattered. Alsey(Eq, Es) = A(F1)A(Es),
el(El,Eg) = A(El)B(EQ), BQ(El,EQ) = B(El)A(EQ)
andes(E1, Ey) = B(E1)B(E,), where A(E) is the average
detector energy response spectrum of the unscatteredrnzhoto
and B(FE) is the average detector energy response spectrum
of the scattered photonsi and B are normalized so that
JeAE)AE = [ B(E)dE = 1 over the energy range of
interesté.

A. Energy based scatter estimation

For a set of events collected in the vicinity of a given line
of response (LOR), we can estimate the coefficient of each
ponent by applying a statistical estimator. As a resalt w

s;:athter corre(;]tlon approagh for E E.T’ able ;9 rtlake advanta&ﬁain the number of scattered events that are in the given se
of the new photon detection techniques, which due to bettgr, 1, del gives us also the variation of scatter fractioh tie

scintillator crystals [1]-[3] and improvements in the asated

electronics, allow for more accurate estimation of the gper

of the detected particles. The detailed energy informattiat

comes with the list-mode data, as well as the marked diff
ence between the energy spectra of unscattered and sdattgr

distributions, and inside the reconstruction algorithmjrdi-

vidualize the correction terms for each event by taking intﬁ)‘o
account the probability of each event to be a true, a scdtte

(or a random) given its position and energy information.

Il. THE THEORETICAL MODEL

photons energies for that particular position in the datcep
For performing the fit several methods are available. The
simplest is the extension of the dual energy window method

961 single photons to the case of photon pairs, which in fact i

5% 2 energy window method (two energy windows for each

eﬁ'ﬁ%ton). More versatile are the methods that take advantage

f each photon individual energy information, such as the
ments method or the maximum likelihood method. More
fetails about these methods are given in the appendix.

B. Energy dependent image reconstruction

The central piece of our approach is the two-dimensionalWe denote a point in data space ys= (y?,y°) € D x
detector energy response model represented as a lineai-cofRb wherey? stands for the geometrical coordinates covering
nation of four components each one representing a panticulae data spac®, andy® = (E1, E») are the energies of the

state a PET event can be found in

3
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coincidence detected photon pair. The activity distriutf is
discretely represented Hyf; },_;7 image elements. The scatter
events distribution is modeled using a finite set of coeffitse
o = {01k, 02k, 031 } .7 With k indices following the points
of a coarse grid that cover uniformly the geometrical datecep

The count rate density in the data pojnfor given activity
and scattered events distributions is

g(ylf,o) = g:(ylf) + gs(ylo) )
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whereg,(y|f) = eo(y®) > ai(y?)f: is the energy dependent .= o~ 0 ™=~~~ ° ° *
i=1 H i H
distribution of the true (unscattered) events apdy|o) = & ‘3
K 3 : —- : 3
> bk(y9) > ei(y®)ou is the energy dependent distribution of : ® 3
é

k=1 =1 :
the scattered photons;(y?) is the probability that an emission 3
from voxel i be detected in the data space poyit, and 3 -
be(y?) = b(y? —y7) is an interpolation kernel between scatter T enonmap activity dratibution
grid points.

For a set of N eventsY = {y"}nzﬁ' The likelihood Fig. 1. Sections of the inhomogeneous phantom used. Thegtmackd is

. o . . . water equivalent, while the two cylindrical cold regionsvéahe attenuation
function (the probability density) of” given f ando is coefficient 20% of that of water.
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simulation of the photon transport through the phantom and
simplified model for the photon detection using Gaussian
istributions for the the energy and time of flight (TOF)
Vo4 3 . o PN . resolutions. Detailed information about each detectedqho
sze::ﬁgiltigi:tl:floil?mgltz e%men‘th a(y?)dy? is the detection pair, including the energies, the TOF data, and flags iniigat
y 9 the scattered photons were saved in a list using a compact

The.act|V|ty <_j|str|but|onf, and that O.f scattereq photon_s format described in [7]. In this study we have not considered
most likely to fit the data can be obtained by using maximum

likelihood expectation maximization algorithm (ML-EM) thi random coincidences. L
R . . Here we present results for two scatter estimation cases
the following iterative update equations

performed with the energy based moments method as described

AN el
L(Y|f7 U) = We H Kg(yn|f7 U) (3)
’ n=1

whereA is the total (trues and scattered) detection probabilitg
regardless the energies = [ g(y|f,0)dy = Zle Qifi +

N

(mt1) (m) 1 ai(y9)eo(y®) in appendix B and using the following fourn,n) pairs of
fi = fi JZ ST T 9o lynlo ™) (4)  moments{(0,0), (1,2),(2,1),(2,2)}. First we considered a
‘=1 T0T s non-TOF case and modeled an energy resolutipn= 6.4%
(m+1) (m) al be(y9)e(ys) relative standard deviatior( 15% relative FWHM). Second
Tk = O Z Gt (¥nl FT) ¥ go(yn|o™) ) we considered a TOF case with a positioning precision along

n=1

LOR of o, = 3.0cm (= 470 ps FWHM timing resolution)

If equation (4) is used alone with the scatter coefficienfg,q energy resolution = 4.0% (~ 9% FWHM). The data
(1%, 02k, 031) estimated prior to the image reconstructiogpace is represented using the 6, «, v, 1) coordinates where
through an external procedure, then we have an ML-EM ang ¢ are the usual polar angles designating a direction
image reconstruction algorithm with energy dependenttecatin space,u and v are position coordinates in the projection
correction. . plane and! represents the estimated position along a LOR

If the equations (5) are used independently and the tef8iimated from TOF data. Further in the text when not specifie
9:(y|f) is replaced with the zero-th order scatter componegiherwise the numerical values for angles will be given in
bi(y?)eo(y“)oox we obtain the ML-EM equation for energygegrees and for the lengths in centimeters; directions with
based estimation of the scatter componeas, o1k, o2x, 93k)- 9 = 90° are perpendicular to the scanner axis. The scatter data

was calculated for a grid using a spacing&p and Af of 5°,
[1l. SIMULATION STUDY Au and Av of 2 cm, and in the TOF casAl = 1.174;. In

We considered a cylindrical PET scanner with 84 cm drder to reduce the statistical fluctuations and obtain shevo
ameter and 24 cm length. For studying the energy specs@atter estimations, the counts were spread among nearby
of scattered and unscattered photons we modeled an inhoand [ bins using weights given by bell shaped kernels
mogeneous phantom with shape similar to that of the Utatw) = [1 — (x/R)z]2 along each direction with a maximum
phantom. The physical dimensions of the phantom can tedius of R = r» x A whereA is the grid spacing along a given
seen in Fig. 1, where sections through the attenuation m@dimension; we used ~ 2 for u, v and! dimensions. In both
and activity distribution are shown. The activity distrilmn cases the data lists contained about 15 million true evivis.
follows that of the attenuation coefficient with the valuesdtie set an energy threshold of 440 keV for the = 6.4% case,
two cylindrical cold regions 0.2 times background activifhe and 450 keV for ther = 4% case.
phantom'’s attenuation and activity distributions are edtsl In Fig. 2 are shown the energy spectra for non-scattered
axially outside the scanner field of view. A large hot spherel) and scattered photon®] for several positions in the data
with radius 2.5 cm and contrast 4:1 is placed off center in tispace, and the overall average, determined from Monte Carlo
middle region. In order to reduce further the system synynetiata for the non-TOF and 15% FWHM energy resolution case.
we shifted the phantom 3 cm along theaxis. One can notice that while the low energy tail of tBespectra

The data were generated using the Monte Carlo simukhape varies significantly with the position, the high egerg
tion program described in [4]-[6] by considering an analogortion is more stable, hence for a high enough energy thtesh
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Fig. 2. The energy spectrd(E) for not scattered, and3(E) for scattered SR LT
PET photons at several positions in the data space as deg&sfiom Monte o 15 10 PR 1 5
Carlo data for the non-TOF and 15% relative FWHM energy rggm case.
The spectra are normalized to unity f& > FEf; region, and correspond c) v[em]

to the following (¢, 0, u,v) data space points: a) fo0, 90, 20, 6), b) for _ ) ) -
(0,90, —18,6) and c) for(90,90, —12, 6). In the d) case spectra shown areFig. 3.  Comparison between the scatter estimates obtairthdtive energy
the averages over all of the data domain used for the scattienaion. based moments method (Mt) and the Monte Carlo data (MC), fuoraTOF
case and energy resolution; = 6.4% (15% relative FWHM). The cases
a) and b) represent two orthogonal projections of the cestiee, while c)
represents an axial profile. In the legend, s2 are the partial scatter count
Fs, a uniqueB shape will represent a robust a roximation.dens't'es in t_he case when the first, respectively the sedéEd’ photon is
fit q ' . P ) p PP _scattered while the other not, arg corresponds to the case with both photons
The plots in Fig. 3 and Fig. 4 show a good agreement withattered.
Monte Carlo data. In the TOF case one can notice the significan

variation of the scatter with the TOF position and, although

have a better energy resolution, the fit has to overcome the, upr?flle"P"O'e"go"v'o"l'0 - uprofe: 9790,0=90.v=0.170
scarcity of counts in each TOF bin. E ol 1t
In order to further test our concept we adapted a recengly12 1%
developed TOF list-mode image reconstruction algorithm®n *r 1%
order to accept energy dependent correction terms and cogﬁig'g | 1 2
cients. Aspects of the reconstruction algorithm used henews | | s
recently described in [7], [8]. The reconstructed imagesewes (.| L0088a0a00de, | 5
represented using blobs — smooth overlapping basis furstié o I S
[9], [10] — on a face centered cubic grid and we used iteration %020 40 0 1020 %
over subsets made from consecutive events in the list. &urtf e b)
in the text a complete pass through the data will be refewed t 'profle: ¢=90,8=30,u=0,v=0 04V5"r°f"e:‘”=°'e=9°v“=°"=B
as an iteration. “’g 0 ”g MR Misca
We performed a multi-realization study using a cylindrical o3 io0sr Mrs2
phantom of 32 cm diameter symmetrically placed along the axi 025 % 002-2 I et =
of the scanner. The phantom features were placed in twasslige 02 > 0t IR
each at 2.5 cm distance from the scanner central slice. Im egc ** | ¢ o) 1 MCs3
. . . . . o, 01 T g1} ¥ 1 Mttue —
slice we have considered 10 identical hot spheres unifornaly | R Imctrue o
placed on the circle of radius 8 cm. In this arrangement tBe  ; lygetes Ay § o xR T
distance between hot spheres is greater than 5 cm, therefore 30 20 -0 0 10 20 30 #0505 1015
the correlation between spheres in the same image is snfall el d) Venl

enpugh to enable us t.O COHSide_r each reponStrUCtEd SPhergi@s.  comparison between the scatter estimates obtaiftbdtive energy
a independent realization. By this means in each recorigtiucbased moments method (Mt) and the Monte Carlo data (MC), &gir3 this
volume we will obtain 20 realizations of each type of featuréne for a TOF case witly; = 3.0 cm (~ 470 ps FWHM timing resolution)

. . . and energy resolutioap = 4.0% (9.4% relative FWHM). The cases a) and
and with a few reconstructed images (3-5) we obtain a staligrepresent two orthogonal projections of the centraleséad central TOF

tically significant number of feature realizations. position, the case c) correspond to a longitudinal profitngla LOR, while
Four image reconstruction cases were compared. The fff§;case & represents an axial profile.



— no scatter correction (sn) — all events with energies above " ‘R: O-f em. T°‘T§Fv EE:f-“%‘ R:05 cm, no-TOF, e¢: 3.4%
the reconstruction threshold were used and no scatteratiome 6o | A 50 -
was applied. In the second — scatter removed (sr) — the evertsso | [
marked as scattered were not used. The other two cases Qveég
used scatter corrections estimated with the energy bastttthe S 20| -
using ML-EM approach in similar conditions as in the tests “¢¥ ~ i ]
presented above, witlisy = 450 keV and Er.c = 460 keV. 1t 2 3 4 5 6 7 8 2345678910111213

Contrast [%]
w
o

Iteration Noise [%]
In one case — energy dependent scatter (se) — we used the o o . - e R
equation (4) with the prior estimated scatter coefficidntg }. R:0.5 cm, oy 3.0 cm, £ 3.4%

In the last case — static scatter correction (ss) — was used ;g [
the traditional scatter correction approach by considednly
the estimated total scatter distribution in each paisly?) =
Zle br(y?) Z?:1 o1k, applied by eliminating from equation

50 |
0 |
30 ¥
20 ¥

Contrast [%]
Contrast [%]

(4) all thee,(y©) factors. ot
Multiple image realizations were obtained by using didtinc  °: 2 s 4 s & 7 = o
data sets containing 12 million true coincidences, with an teration

energy resolution of zp = 3.4% (8% relative FWHM) for non-
TOF and TOF cases witty = 3 cm (= 470 ps FWHM timing Fig. 5. Comparisons between contrast as function of imatiumber and
resolution). Hot spheres with contrast 4:1 and 0.5 cm radie@ntrast versus noise plots for no scatter correction (asp.cscatter events

. o oved (sr) case, static scatter correction (ss) casethenehergy dependent
were considered. For each realization of a sphere of radgﬁgtter correction (se) method. Top plots show a non-TOE, dasttom plots

R we measured the signal as the image average inside th@how a TOF case.
sphere and the backgroun8l as the image average outside
the sphere and within a radi@R + 0.5 cm from the center

- i . |S—B]
of the sphere. The contrast is defined@s= =z— and the that leads to the estimation of four independent coeffisient

.. . c .
cr?ntra.tsy relcor\{ery coefficient 'SFCRQC_ﬁ x rl}OO, whereCo tlls dThe previous DEW methods in PET attempted to empirically
the original phantom contrast. For each sphere we compi€ed Lqtimate the scatter fraction by establishing a propaatign

average CRC over all realizations obtained. The uncem?'mrelation of some sort between the number of counts collected

of these estimations (as statistical sample standard titawa in the energy windows used, overlooking the fact that, when

oy) were also computed. For the noise estimation we Compu?ﬁnmetries are broken, the total scatter fraction in neatit

alsq the st.andard .d'ewanomgl of the same spherical r€91oNShe sum of at least three independent parameters. When used
at similar fixed position but with the signal absent (backgi ;,,, the moments method or the maximum likelihood method

only regions). As in the case of non prewhitening matcheerfiltOur approach benefits also from the more detailed energy

observer (NPWMF) the noise was evaluated\;%(a; +03).  information that comes with list-mode data. Compared with
The contrast as function of iteration number and contragle image reconstruction methods that use energy dependent

versus noise plots presented in Fig. 5 show, as expected, thaights [15], our energy-based image reconstruction aro

the scatter removed (sr) ideal method systematically p@go uses scatter corrections that vary both with the LOR pasitio

better than the others, while the no scatter correction (sd energy, while in the aforementioned methods the variati

case is relatively largely biased if compared with any othgyith the LOR position is neglected.

method. The energy dependent correction (se) represents 88,mnared with the current most widely used image based
improvement over the static scatter correction (ss). method for scatter correction [16]-[20] our energy based ap
proach inherently considers the scatter from outside thé fie
IV. DISCUSSIONS AND CONCLUSIONS of view, it estimates the scatter distribution in absolutéues
We can conclude from these numerical experiments thgltminating the need for the error prone tail fitting scaliagd
the energy based scatter estimation method is feasibleein the method provides directly the position and energy depeind
cases when the energy resolution is good enough so that sbatter corrections necessary for the energy-dependemgeim
photopeak shapd does not spread over the less stable portiarconstruction. The single scatter simulation method can b
of the shapeB. Also, the improved results produced by thenodified in order to provide two of the components (single
energy dependent reconstruction method compared with guatter fractions for each photon in a PET pair). With thedthi
simple — not energy dependent — scatter correction approgdouble scatter fraction) neglected or empirically estada
illustrate the importance the accurate modeling of the jglays from the first two, one can still use the model we propose to
effects plays in the quality of the images obtained. perform an energy dependent image reconstruction. Howiéver
The difference between the energy based scatter estimatioantake into consideration the revival of interest in theetiof
part of our approach and the previous dual energy winddiight PET and the continuous bed movement design option
(DEW) type approaches applied in PET [11]-[14], consisigondered by the scanner manufacturers nowadays, then the
mainly in the four energy component model we are proposingiage based scatter estimation methods would be required to




produce simulation results that accurately cover a corasiig
larger multidimensional space, a fact that will be at least
inconvenient if not computationally too expensive. Thergge
based method estimates the scatter distribution as a «umeti
position and energies by only performing a simple statstic
analysis of the population of events recorded, and thesefor
is considerably more convenient and flexible. [1]

APPENDIX
A. The 2 x 2 energy window method 2

The extension of the dual energy window method to the
case of photon pairs gives us2ax 2 energy window method 3]
(two energy windows for each photon). L&t be the observed
number of photon pairs with both energies in the windSyy  [4]
N7 the number of events withE;, Ex) € & x &1, Na the
number of events witiE1, E>) € & x & and N3 the number
of events with(Ey, E2) € & x &. Matching the observed
data with the energy model predictions we obtain the foliamyvi
system of linear equations that can be easily solved

(5]

6]

0003 + o100 + o200 + 0388 = No 7]
ooapay + oraof1 + 028001 + 036061 = Ni ©6)
ooarag +oraqfo + o210 + 036180 = No 8]

ooai + o111 + o2Bion + 0367 = N

where (e 7)) f A dE [e%1 ffl A(E)dE, ﬂo = [9]
Je, B(E )dE pr= fs E)dE.

[10]
B. The moments method

We can estimate the moment of orden, n) of the energy [11]
distribution of the photon pairs by computing the quantity

Gmn >N 1% E3 ;. which should match the theoretical
value [12]
Gmn = / ET'E3C(Eq, E2)dE1dE; (13
= 00Uman + T1amby + 02byan + 03byby , (7)
with a,, = [ E™A(E)dE, b, = [, E"B(E)dE [14]

By conveniently selecting four combinatio(s:, n) we can
obtain an equation system as in the case of dual energy windasy
method (6).

[16]
C. The ML-EM method [17]

Using notations similar to those used in section II-B, for a
given region in the data space the expected number of counts
is A = 37 o1 The energy distribution is- 37 orei(y©). 1]
For a data se¥p = {yf, e ,y]ev} the likelihood function is

(m+1)

elyn)
n= 1Zk 0 (m)ek(Y7eL)
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