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Many clinical and research studies in nuclear medicine 
require quantitation of iodine-123 (123l) distribution for the 
determination of kinetics or localization. The objective of 
this study was to implement several reconstruction meth
ods designed for single-photon emission computed tomog
raphy (SPECT) using 123l and to evaluate their performance 
in terms of quantitative accuracy, image artifacts, and 
noise. The methods consisted of four attenuation and 
scatter compensation schemes incorporated into both the 
filtered backprojection/Chang (FBP) and maximum likeli
hood-expectation maximization (ML-EM) reconstruction al
gorithms. The methods were evaluated on data acquired 
of a phantom containing a hot sphere of 123l activity in a 
lower level background 123l distribution and nonuniform 
density media. For both reconstruction algorithms, non
uniform attenuation compensation combined with either 
scatter subtraction or Metz filtering produced images that 
were quantitatively accurate to within 15% of the true 
value. The ML-EM algorithm demonstrated quantitative 
accuracy comparable to FBP and smaller relative noise 
magnitude for all compensation schemes. 
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I .odine-123 (,23I) has chemical and physical properties 
that are appropriate for radiolabeling and imaging 
many pharmaceuticals. Quantitation of the distribution 
of !23I is important for determining the kinetics and 
dosimetry of these tracers (7, 2). While the quantitative 
capability of single-photon emission computed tomog
raphy (SPECT) with technetium-99m ( "Tc ) has been 
studied extensively (3, 4), with few exceptions (5-14) 
there has been relatively little investigation into the 
quantitative capability of SPECT with )23I. For the lack 
of a better method, conjugate view, planar techniques 
(1,15) have been used to obtain quantitative informa
tion. This work explored the quantitative potential of 
SPECT with ,23I. 
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This study used 123I (p,5n) in order to reduce 124I 
contamination more prevalent in l23I (p,2n). This con
taminant has been found to render low-energy colli
mators unsuitable for planar imaging with l23I (p,2n) 
(12). The high energy emissions of 124I (>500 keV) 
penetrate the collimator septa and degrade the quality 
of the acquired data. Additional processing is often 
required when there is a significant level (>5%) of septal 
penetration. 

The major impediments to SPECT quantitation with 
123I are the same as with WmTc: attenuation, scatter, 
finite spatial resolution, and image noise. Compensa
tion of WmTc data for these effects is often incorporated 
into the SPECT reconstruction algorithm. With l23I 
data, however, these standard compensation techniques 
may be quantitatively inaccurate due to differences in 
energy spectra between the two radioisotopes. The ob
jective of this study was to implement several SPECT 
reconstruction methods designed for l23I data and to 
evaluate their performance in terms of quantitative 
accuracy, image artifacts, and noise. 

Four attenuation and scatter compensation schemes 
were incorporated into both the filtered backprojection/ 
Chang (FBP) reconstruction algorithm (16) and maxi
mum likelihood-expectation maximization (ML-EM) 
algorithm (17-19). The Chang algorithm is a modifi
cation of the conventional filtered backprojection al
gorithm which allows compensation for attenuation. 
Thus, the FBP/Chang algorithm is based on an analyt
ical solution to the reconstruction problem. The ML-
EM method takes a statistical approach and considers 
the emissions from a source voxel as a random Poisson 
process. The iterative ML-EM algorithm successively 
estimates the means of these processes and can be 
stopped after a specified number of iterations. Both of 
these algorithms perform attenuation compensation 
after specification of an attenuation coefficient distri
bution within the reconstruction plane. 

This study examined the relative merit of uniform 
versus nonuniform attenuation compensation. The 
conventional approach is to assume uniform attenua
tion within a body boundary that can be determined 
from an uncorrected reconstruction (20), a reconstruc
tion of transmission or scatter data (21), or camera 
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orbit information. Other investigators have demon
strated improved image quality with " m T c (22) and 
201 Tl data (23) when nonuniform attenuation compen
sation is incorporated in the reconstruction. Nonuni
form attenuation information is more difficult to obtain 
since a transmission study using a gamma-emitting 
source is required (24). The advantage of nonuniform 
over uniform attenuation compensation will be more 
pronounced in body regions of nonuniform tissue den
sity such as the thorax. 

Three methods of scatter compensation were evalu
ated in this study. These included broad-beam atten
uation compensation (4), scatter subtraction (25), and 
scatter deconvolution by Metz filter (26). The broad-
beam approach compensates for scatter, in effect, by 
under-correcting for attenuation. The broad-beam at
tenuation coefficients depend on the source geometry 
and are less than narrow beam due to detection of 
scatter events. With the scatter subtraction technique, 
the scaled data acquired in an energy window below 
the photopeak window are subtracted from the photo-
peak data before reconstruction. This technique is based 
on the assumption that a fixed fraction of the scatter 
energy window data adequately approximates the scat
ter component of the photopeak data. The Metz filter 
is a deconvolution filter at low spatial frequencies, 
where the signal-to-noise ratio is greatest, and ap
proaches zero gain at higher frequencies where noise 
dominates the signal. Scatter compensation is achieved 
by deconvolution of the scatter response. The decon
volution technique makes the approximation of a shift-
invariant system response. 

METHODS 

The reconstruction methods were evaluated in a phantom 
study. The phantom consisted of plastic cylinder of elliptical 
cross section containing low-density wood "lungs,"' nylon 
"spine," and a hollow, plastic sphere (Fig. 1). In the axial 
dimension, perpendicular to the elliptical cross section, the 
cylinder was 24 cm long. The lungs and the spine extended 
the total axiai length of the cylinder. In cross section, the lungs 
were 8.8 x 10 cm, and the spine was 2.5 x 2.5 cm. The sphere 

was 3.5 cm in diameter. The inside of the cylinder, or bad 
ground, and the inside of the sphere were filled with l23. 
sodium iodide solution at concentrations of 1.3 and 6.7 p£\ 
ml, respectively. The concentrations were determined fror 
planar camera measurements of 20 cc syringes containin 
samples of each solution and from the known sensitivity e 
the camera/collimator. 

Projection images were acquired using a three-headec 
SPECT system with medium-energy collimators (Trionix Re
search Laboratories). The projections were acquired in a 128 
x 128 matrix with a pixel size of 3.56 mm. There were 120 
projection angles equally spaced over 360°. The total scan 
time was 20 min. The photopeak energy window was 20% in 
width and centered at 159 keV, the primary emission energy 
of 12T. The scatter energy window ranged from 100 to 140 
keV. Standard camera uniformity correction was performed. 

A total of eight reconstruction methods were evaluated 
including four compensation schemes implemented within 
both the filtered backprojection algorithm with single iteration 
Chang compensation (FBP) and the ML-EM algorithm. The 
eight methods are described in Table 1. The methods were 
chosen in order to investigate the relative merits of FBP/ 
Chang versus ML-EM reconstruction, uniform versus non
uniform attenuation compensation, and scatter compensation 
by broad-beam attenuation map versus scatter subtraction 
versus Metz filtering. 

The Chang compensation method was used in its single 
iteration form and generalized for nonuniform attenuation. 
In this form, each pixel in the initial filtered backprojection 
reconstruction is multiplied by a correction term which is 
related to the average attenuation for that pixel. Thus, the 
correction term for pixel i, j can be written as: 

C(i,j) = -

M 2 e x p 

T CD 
- 2 2 ^(i',j')d(i',j',m) 

* *='ijm J ^ i j m 

where M is the number of angles, Ijjm and Jijm are the set of i 
and j indices, respectively, of pixels intersected along the path 
to the detector at angle m, /u(i, j) is the attenuation coefficient 
distribution, and d(i, j , m) is the path length through pixel i, j 
at angle m. This first-order corrected image is then reprojected 
in a way that models attenuation (27) based on the specified 
attenuation coefficient distribution. The reprojection is sub
tracted from the original measured data to generate error 
projections. An error image is then reconstructed by filtered 
backprojection and each pixel in the error image is multiplied 

FIGURE 1 
(A) Photograph of experimental phan
tom showing sphere in foreground, 
"spine" in background, and wood 
"lungs." (B) Sketch of experimental 
phantom giving dimensions of sphere, 
spine, lungs, and cylinder. 
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TABLE 1 
Reconstruction Methods 

Method 
name 

FBU 
FBN 
FBS 
FBM 
MLU 
MLN 
MLS 
MLM 

Recon. 
algorithm 

FBP 
FBP 
FBP 
FBP 
ML-EM 
ML-EM 
ML-EM 
ML-EM 

Attenuation 
map* 

U/broad 
N/broad 
N/narrow 
N/broad 
U/broad 
N/broad 
N/narrow 
N/broad 

Scatter sub. (S) 
or Metz filter (M) 

S 
M 

S 
M 

* U = uniform attenuation map; N = nonuniform attenuation 
map; broad=broad-beam attenuation coefficients; and nar-
row=narrow-beam attenuation coefficients. 

by the corresponding correction term. The error image is then 
added to the first-order corrected image to generate the single 
iteration image. The filter used for these filtered backprojec-
tion reconstructions was a ramp function to the Nyquist 
frequency. (The Nyquist frequency is equal to l/(2d) where d 
is the linear sampling interval. For this study, therefore, the 
Nyquist frequency was equal to 1.40 cycles/cm). 

In this implementation of the ML-EM algorithm, the pro
jector and backprojector modeled attenuation (27) using the 
specified attenuation coefficient distribution. The initial esti
mate was a uniform distribution, and the algorithm was 
stopped after 50 iterations. This iteration stopping point was 
selected after examining reconstructions at 25, 50, and 100 
iterations using nonuniform, broad-beam attenuation com
pensation. The differences in the quantitative level in the 
sphere and background regions at the three iteration stopping 
points were negligible. However, the level in the lungs was 
reduced 30% from 25 to 50 iterations but only 12% from 50 
to 100 iterations. Noise, measured by the standard deviation 
of pixel intensities within an region of interest (ROI) in the 
background region, increased 38% from 25 to 50 iterations 
and 34% from 50 to 100 iterations. Because from 25 to 50 
iterations there was significant gain in accuracy in the lung 
regions while from 50 to 100 iterations there was only a mild 
gain in accuracy in the same regions and noise continued to 
worsen, 50 iterations was chosen as the stopping point. 

The uniform and nonuniform attenuation maps used by 
all methods were computer-simulated based on the known 
phantom dimensions and attenuation coefficients. The atten
uation coefficients used for the nonuniform, narrow-beam 
attenuation map were 0.17 cm-1 for nylon, 0.14 cm-1 for 
water, and 0.01 cm-1 for wood. The broad-beam attenuation 
coefficient for water, 0.10 cm-1, was determined empirically 
for the case of the elliptical cylinder filled uniformly with 121I 
in water. The broad-beam value for nylon, 0.12 cm"1, was 
obtained by scaling the narrow-beam value for nylon by 0.71, 
the ratio of broad-to-narrow beam coefficient for water. Be
cause of minimal scatter in the wood, the broad-beam value 
was set equal to the narrow-beam value. 

The constant attenuation coefficient in the uniform atten
uation map was computed as the average of the attenuation 
coefficients within the elliptical body in the nonuniform, 

broad-beam attenuation map. All attenuation maps were fil
tered with a Hanning filter (4) at a cut-off frequency equal to 
the Nyquist in order to minimize the effects of any possible 
misregistration of the attenuation map and the data. The 
narrow-beam, nonuniform attenuation map is illustrated in 
Figure 2. 

The scatter subtraction technique subtracts from the pho-
topeak energy window data, YptulIopeak, a fixed fraction, k, of 
the scatter energy window data, Y*..^. Thus, the scatter 
compensated data can be expressed: 

» t-omvu-d — Vphompeak ~~ k*(Y s c a l l < . r ) . ( 2 ) 

Determining the optimal value for k requires an empirical 
approach since this value will likely depend on the source and 
attenuation distributions, the energy resolution of the imaging 
system, and the energy window settings (25). For this inves
tigation the value of k was chosen so that the average counts 
in the lung areas was zero when the first-order Chang algo
rithm is used to reconstruct the scatter subtracted phantom 
data. The rationale for this criterion is based on the experi
mental finding that the lacquered wood "lungs" of this phan
tom do not absorb radioactivity during immersion, and there
fore the true counts in the lung areas was zero. For our system 
and energy window settings, the value of k which resulted in 
zero count density in the lung areas of the first-order Chang 
reconstruction was 0.4. 

The Metz filter used in this study is defined in the frequency 
domain as: 

where MTF(t;) is an estimate of the system modulation trans
fer function. The parameter X controls the extent of the 
deconvolution; at larger values of the parameter the filter 
follows the inverse MTF to higher frequencies. For this study, 
X was set equal to five. Effort was not taken to determine the 
optimal value for X. The optimal value will depend in a 
complicated way on the count level, image structure and 
system MTF {28, 29) as well as the performance criterion. A 
value of five for X results in a conservative degree of decon
volution. The MTF for this study was approximated as the 
product of a geometric collimator response function and a 
series-equivalent scatter response function. By incorporating 
the scatter response into the MTF, the Metz filter provided 
compensation for scatter. The collimator response function 

Non-uniform Attenuation Map 

Attenuation map used for nonuniform attenuation compensa
tion is shown in the center along with horizontal and vertical 
profiles through the center of the map. 
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was based on line source measurements in air with the me
dium-energy collimator and a source-to-detector distance of 
10 cm. The series-equivalent scatter response function was 
based on Monte Carlo simulations of a point source located 
8 cm deep in a water bath. The Metz filter used in the study 
is plotted in Figure 3. 

The absolute quantitative accuracy of the eight methods 
was evaluated in the sphere, background, and lung regions. 
Count densities were measured in these regions of the recon
structed images using a five-pixel ROI located in the center of 
the sphere and 20-pixel ROIs located in the center of each 
lung and in the background region between the lungs. From 
the count densities, the l23I concentrations (/xCi/ml) were 
computed based on the measured sensitivity of the SPECT 
system with medium-energy collimators. The "true" concen
tration of each solution was base on planar camera measure
ments of 20-cc samples contained in a syringe and the meas
ured camera sensitivity. As a measure of noise level, the 
relative noise magnitude, defined as the standard deviation of 
pixel intensities divided by the mean, was computed for each 
reconstruction method for the ROI located in the background 
region. In addition, profiles were drawn through the recon
structed images to further illustrate the noise level and quan
titative accuracy of the reconstruction methods. 

RESULTS 

The results of the quantitative analysis for the eight 
reconstruction methods are summarized in Table 2. 
The filtered backprojection method without compen
sation (FB) has been included for reference using similar 
ROI measurements. The ratio of the reconstructed !23I 
concentration to the true concentration for the sphere 
and background regions is given in columns 2 and 3, 
respectively. Column 4 gives the reconstructed concen
tration in the lung areas where there was actually no 
123I present. 

The results presented in Table 2 reveal a number of 
important characteristics of these reconstruction meth
ods in terms of quantitative accuracy. First, there is 
dramatic improvement in both the FBP/Chang and 
ML-EM methods with the incorporation of nonuni
form attenuation information (FBN and MLN). This 

Magnitude 

1.4 

1.2 

1 0 

0.8 

0.6 

0.4 

0.2 

0.0 

-

-
-

0 0.2 (1.4 0.6 0 8 1 1 2 1.4 

frequency (cycles/cm) 

FIGURE 3 
Metz filter used for scatter deconvolution. The scatter re
sponse function is incorporated into the MTF in the filter 
formulation. 

TABLE 2 
Quantitation and Noise Analysis 

Recon. 
method* 

FB 
FBU 
FBN 
FBS 
FBM 
MLU 
MLN 
MLS 
MLM 

Sphere 

0.28 
0.69 
0.76 
0.94 
1.02 
0.69 
0.78 
0.98 
1.06 

FT 

Bckgrd 

0.27 
0.74 
0.94 
0.88 
0.91 
0.68 
0.91 
0.90 
0.97 

yCi/ml in 
lungs* 

0.17 
0.33 
0.12 
0 

-0.02 
0.52 
0.11 
0.03 

-0.06 

Relative nois< 
magnitude5 

0.317 
0.219 
0.165 
0.254 
0.150 
0.175 
0.144 
0.207 
0.106 

* See Table 1 for description of methods. 
1R = ratio of reconstructed jiCi/ml to true juCi/ml. 
* True jtCi/ml in lungs = 0. 
§ Standard deviation divided by the mean of pixel intensities 

within an ROI located in the background region. 

confirms previous results with 99mTc data (22) and 201Tl 
data (23). Second, with uniform attenuation compen
sation (FBU and MLU), the counts in the lung areas 
were relatively high and in the sphere and background 
areas inaccurately low. This effect can be further appre
ciated in Figures 4 and 5 which show the reconstruc
tions with FBP/Chang and ML-EM, respectively, with 
both uniform and nonuniform attenuation compensa
tion. The profiles through the images illustrate the 
reduction of counts in the lung areas with nonuniform 
compensation. 

While nonuniform, broad-beam compensation im
proved the quantitative accuracy over uniform com
pensation, there was still a significant count level in the 
lungs and the levels in the sphere and background were 
too low. The scatter subtraction techniques (FBS and 
MLS), however, reduced the counts in the lung areas 
to negligible levels and improved the accuracy in the 
sphere and background regions. (Since the value of k 
was chosen so that the first-order Chang reconstruction 
with scatter subtraction would have zero count density 
in the lung regions, it is not surprising that single 

FBP c single iteration Chang 

uniform attenuation map non-uniform attenuation map 

FIGURE 4 
Results of FBP/Chang reconstruction for both uniform and 
nonuniform, broad-beam attenuation compensation. Profiles 
through the center of the images reveal improved quantitative 
accuracy and image quality with nonuniform compensation. 
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ML-EM at 50 iterations 

uniform attenuation map non-uniform attenuation map 

FIGURE 5 
Results of ML-EM reconstruction for both uniform and non
uniform, broad-beam reconstruction. Improved quantitation 
and quality with nonuniform compensation is demonstrated 
with this algorithm. 

iteration Chang with scatter subtraction, FBS in Table 
2, had zero count density in the lung regions.) In spite 
of the fact that counts were subtracted from the projec
tion data, the absolute count levels in the sphere and 
background regions were increased due to the narrow-
beam attenuation compensation. Figure 6 shows recon
structions and profiles with both FBP/Chang and ML-
EM with scatter subtraction. 

When the Metz filter was applied to the reconstruc
tion with broad-beam, nonuniform attenuation com
pensation, the result was a reduction in counts in the 
lungs areas and an increase in counts in the sphere and 
background regions. The quantitative accuracy in the 
sphere and background regions after Metz filtering was 
within 10%. This filter, in effect, redistributes the counts 
from the lungs into the other areas of the image and 
increases the contrast of the three regions. However, as 
can be seen in Table 2, the filter overcompensated in 
the sphere and lung regions. This overcompensation in 
the lung regions may be due to the decreased amount 
of scatter in the lungs relative to the background region. 
Altering the Metz filter formulation, either through the 
estimated MTF or the parameter X, can affect this 
overcompensation. Figure 7 shows the FBP/Chang and 
ML-EM reconstructions after Metz filtering. The figure 
illustrates the overcompensation in the lung regions 
and the smoother quality of the Metz filtered images as 
a result of the filter's suppression of high frequencies. 

Table 2 also shows the relative noise magnitude 

Scatter Subtraction Method 

FIGURE 6 
Scatter subtraction results for both FBP/Chang and ML-EM. 
The count level in the lung areas is close to zero with both 
algorithms. 

Metz filtered Images 

Single iteration Chang ML-EM at 50 iterations 
non-uniform attenuation map non-uniform attenuation map 

FIGURE 7 
Metz filter results for both FBP/Chang and ML-EM. The 
greater noise with FBP/Chang and the overcompensation in 
the lungs with both algorithms are demonstrated. 

measurements for each of the reconstruction methods 
including filtered backprojection. Within any individ
ual compensation scheme, the ML-EM method had 
lower relative noise magnitude than FBP/Chang. This 
result is apparent in Figures 4-7 where the profiles 
through the FBP/Chang images show greater high fre
quency fluctuations relative to the ML-EM images. 
Noise in ML-EM images is iteration-dependent and so 
this result may be different at large iterations. Also, no 
attempt was made to control noise in the FBP/Chang 
images by smoothing. Within either the FBP/Chang or 
ML-EM method, the Metz filtered images had lowest 
noise followed by nonuniform and broad-beam, uni
form and broad-beam, and finally scatter subtraction. 
Again, these results are illustrated in Figures 4-7. 

The images in Figures 4-7 reveal artifacts of the 
reconstruction methods. For example, in both the FBP/ 
Chang and ML-EM methods with uniform attenuation 
compensation, a dark band connects the top of the 
lungs with the hot sphere and distorts the shape of both 
the sphere and lungs. With either FBP/Chang or ML-
EM, nonuniform attenuation compensation removes 
this band. Also, in the FBP/Chang images high intensity 
streaks can be observed emanating from the hot sphere 
especially with the scatter subtraction images. This 
could possibly be due to the amplification of the high 
frequency edges of the sphere by the ramp filter followed 
by backprojection. In the ML-EM images, these streaks 
are eliminated and the true shape of the sphere and 
lungs is reconstructed. 

DISCUSSION 

While nonuniform attenuation compensation offered 
a clear advantage over uniform compensation in this 
study, in practice it is difficult to obtain high quality 
transmission data for the attenuation map. While stud
ies have demonstrated the feasibility of acquiring trans
mission data on commercial SPECT systems (23, 30, 
31), the resulting attenuation maps are typically very 
noisy. The effect of this noise on lesion detection and 
quantitative accuracy in SPECT reconstructions has 
not been studied extensively. An interesting method of 
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reducing the effect of noise in the attenuation map 
would be to constrain the possible coefficient values in 
the transmission reconstruction based on a priori 
knowledge of tissue composition. This type of Bayesian 
reconstruction approach has been proposed for emis
sion CT imaging (32). 

The scatter subtraction technique used in this study 
improved contrast and quantitative accuracy compared 
with broad beam attenuation compensation. However, 
the accuracy of this technique is dependent on the 
selection of the scalar k. If one is to apply the scatter 
subtraction technique clinically, two important ques
tions need addressing. First of all, how sensitive is k to 
changes in the source and attenuation distributions? 
The value for k found in this study, 0.4, is close to the 
value of 0.5 found by Jaszczak et al. (25), both for a 
cold sphere in a uniform circular phantom filled with 
9ymTc solution and for a 99mTc line source in the same 
phantom filled with water. These results suggest that k 
is not extremely sensitive to the source and attenuation 
distributions. Second, how sensitive is the accuracy of 
the reconstruction to error in k? In order to answer this 
question, the data used in this study were reconstructed 
using the FPB/Chang algorithm and the scatter sub
traction technique with k equal to 0.5. The count levels 
in the sphere and background regions of the resulting 
reconstructed image were decreased by approximately 
3% compared with the k = 0.4 image (FBS in Table 2). 
In this situation, therefore, a 25% error in k resulted in 
only a 3% incremental error in the reconstruction. This 
characteristic of scatter compensation has been noted 
previously by Jaszczak et al. (33). 

A number of other issues should be considered before 
general application of the scatter subtraction technique. 
First, scatter subtraction results in increased noise in 
the reconstruction due to the decreased signal level and 
the propagation of the noise from the scatter data. For 
improved noise characteristics, it may be advantageous 
to apply a Metz filter to the data after scatter subtrac
tion. In this case, the MTF of the filter need only 
contain the collimator response and not the scatter 
response. Second, subtraction violates the assumption 
of ML-EM that the data are Poisson random variables. 
As an alternative subtraction method for ML-EM, the 
photopeak and scatter data can be reconstructed sepa
rately and the subtraction performed after reconstruc
tion. This would, however, double the computational 
time. Third, the scatter subtraction technique requires 
the capability of independent, dual-energy window ac
quisition. Fortunately, this capability is available in 
most commercial SPECT systems. 

The use of broad-beam attenuation coefficients was 
investigated as a means of scatter compensation. This 
method was unable to eliminate counts in the lung 
areas of the reconstruction with either the FBP/Chang 
or ML-EM algorithms. This agrees with similar studies 

performed in a uniform attenuating medium (25). Al 
though the broad-beam technique improves the overal 
quantitative level compared to narrow-beam alone, i 
does not accurately reconstruct quantitative levels in al 
regions of the image. The Metz filter was applied as ; 
means of improving quantitative accuracy by decon
volving the scatter response. The resulting image was 
more accurate in both hot and cold regions compared 
with the broad-beam technique alone. The overcom
pensation observed in this study could be corrected 
through the selection of the filter power factor or MTF. 
Although the deconvolution technique is based on as
sumption of shift-invariance, the Metz filter may offer 
a practical alternative for scatter compensation. 

Comparisons between the FBP/Chang and the ML-
EM algorithm in terms of image noise depend to a large 
degree on the iteration stopping point for ML-EM and 
the filtering applied within either algorithm. Noise 
worsens with iteration with ML-EM, and although at 
50 iterations ML-EM had better noise than FBP/Chang 
with the ramp filter, at higher iterations this may not 
be the case. However, since the quantitative accuracy 
of the ML-EM images at 50 iterations was at least as 
good as the FBP/Chang images, ML-EM may offer an 
advantage in the trade-off between noise and resolu
tion/contrast. Important avenues of investigation in 
this area concern determining the optimal stopping 
point for ML-EM or stabilizing the algorithm so that 
deterioration with iteration does not occur. 

CONCLUSIONS 

Of the compensation schemes evaluated in this study, 
the results suggest the most accurate method for either 
the FBP/Chang algorithm or the ML-EM algorithm is 
scatter compensation by either the subtraction tech
nique or Metz filtering and nonuniform attenuation 
compensation. The results also suggest that the ML-
EM algorithm can offer an advantage over FBP/Chang 
in the way of better image noise for the same degree of 
quantitative accuracy. Nonuniform attenuation com
pensation offers significant improvement in quantita
tive accuracy and reduces image artifacts compared 
with uniform compensation. Scatter compensation 
through the use of broad-beam attenuation coefficients 
cannot alone reconstruct accurate quantitative levels 
throughout the image, but improved results can be 
obtained when this method is combined with Metz 
filtering. 
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