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Abstract— For PET (positron emission tomography) imaging,
different reconstruction methods can be applied, including ML
(maximum likelihood) and MAP (maximum a-posteriori) recon-
struction. Post-smoothed ML images have approximately position
and object independent spatial resolution, which is advantageous
for (semi) quantitative analysis. However, the complex object
dependent smoothing obtained with MAP might yield improved
noise characteristics, beneficial for lesion detection. In this
contribution, MAP and post-smoothed ML are compared for
hot spot detection by the channelized Hotelling observer (CHO)
and by human observers (using a “multiple alternative forced
choice” method). For MAP, a prior penalizing relative rather
than absolute differences was applied.
MAP resulted in markedly better performance for the CHO.
However, no significant performance difference was detected with
the human observer study. Addition of internal noise improved
the agreement between the CHO and the human observers.
The prior can be adjusted to obtain a smaller penalty for large
differences, resulting in improved tolerance for strong edges. An
additional CHO study indicated that this edge tolerance decreases
observer performance. Similarly, performance was better for the
quadratic prior than for the Huber prior.

I. INTRODUCTION

IT is generally accepted that statistical reconstruction
of PET images using maximum-likelihood (ML) or

maximum-a-posteriori (MAP) algorithms results in improved
image quality when compared to filtered backprojection.
When iterated to convergence, ML yields very noisy images.
However, when these images are filtered with a well-chosen
low pass filter, they have very attractive features: they are
quantitatively accurate, they have nearly position and object
independent spatial resolution and high visual quality. In
contrast, if the prior is well tuned, MAP can be iterated to
convergence, yielding excellent images that need no further
processing. If a shift-invariant prior is used, however, the
resolution is object and position dependent, which is usually
considered a disadvantage for clinical use. When a prior is
tuned to impose uniform resolution, the images produced by
MAP and post-processed ML are equivalent [1], [2], [3].

The non-isotropic and object dependent resolution of MAP
is a direct result of the non-uniform variance in the projections.
Shift invariant priors smooth more when the data are less
reliable. This may be beneficial for non-ideal observers who
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are not able to optimally process correlated noise: they may
need more smoothing when the data are noisier.

To avoid the aforementioned problems with spatial reso-
lution, we currently use post-smoothed ML for our clinical
images. This study investigates if the use of MAP would be
recommended for clinical PET applications where hot spots
must be detected in a noisy background, as is typically the
case in oncological PET examinations.

The next section describes the relative difference prior and
the tools used to evaluate it: the signal-to-noise ratio (SNR)
of the channelized hotelling (CHO) observer and the MAFC
(multiple alternative forced choice) human observer study. It
also explains how the CHO was extended with internal noise,
and how it was applied to the MAFC data set. The third
section then describes the application of these tools in three
experiments: A) computation of CHO SNR to compare MAP
and post-smoothed ML, B) MAFC study comparing the same
algorithms, and C) a CHO SNR study to examine the effect
of using priors with edge tolerance. The results are presented
in section IV and discussed in section V.

II. METHODS

A. Relative difference prior

The ML reconstruction is obtained by the iterative maxi-
mization of (the logarithm of) the likelihood, assuming that
the PET data are a realization of a Poisson distribution. In
MAP, the logarithm of a prior distribution is added to the log-
likelihood term. The prior is mostly used to suppress noise by
favoring smooth reconstructions. The objective function then
becomes:
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is the likelihood,
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is the prior,
�

are the PET data
and
�

is the image to be reconstructed by maximizing the
posterior. With convex priors (such as the ones considered in
this paper), the posterior has a unique maximum.

Most MAP implementations use a Gibbs prior, which is
a function of the absolute difference of the pixel values of
neighboring pixels. In [4], a prior was proposed that penalizes
relative differences instead of absolute differences. The prior
can be written as��������	�������� �!#"%$'& ��( � �)( ! �+*��( � ��( ! ���-,/. ( � �-( ! . � (2)
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is the strength of the prior. The parameter
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determines
the edge tolerance. With
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, the prior is very similar to

the quadratic prior, except that its strength is not constant but
inversely proportional to the local pixel intensity [4].

Mumcuoğlu et al [5] proposed to use the Huber prior instead
of the quadratic prior. This prior is identical to the quadratic
prior for small differences, but becomes linear rather than
quadratic for large differences. The decreased penalty for large
differences results in better tolerance for strong edges. A
similar effect is obtained by setting

,
to a non-zero value

in (2): the prior becomes linear rather than quadratic when
the relative difference

. ( � �)( ! . 56��( � �7( ! � is large compared
to 8 5#, .

In this study, we compared the performance of MAP with
the relative difference prior to post-smoothed ML. In addi-
tion, we evaluated the influence of edge tolerance on lesion
detection performance.

B. Channelized hotelling observer

Currently, the CHO is often used as a model for the human
observer in lesion detection tasks. As a measure of detection
performance, we computed the CHO signal-to-noise ratio for
an SKE-BKE experiment (signal known exactly, background
known exactly), for different lesion positions in the image.

In our study, the CHO was similar to that of [6], [7], it
used three adjacent rectangular bandpass filters, defined by
the four frequencies 9 :<;>=@? � :A; * ? � :A;CBD? � :E?GF , with ? = 0.4
per pixel and : = 2.3. The corresponding impulse responses in
the spatial domain were computed and centered at the lesion
position. To detect the presence or absence of a lesion at a
particular position, the CHO applies the three filters to that
location and obtains a column matrix H with three values,
one for each filter. The CHO is assumed to know exactly the
mean and covariance matrix of the filter outputs, and estimates
the probability for the observation H asI � H .AJH�K ��	ML K�NDOQPSR � 8T � H �UJH�K �WVYX ;ZB[C\ � H �UJH
K �+] (3)

where
JH K is the mean under the hypothesis ^ 	_3`� 8 (lesion

present or absent),
X ;ZB[ \ is the covariance matrix, prime

denotes matrix transpose and
L K is a normalization constant.

The CHO computes the logarithm of the likelihood and select
the most likely hypothesis. Assuming that

X [Ca 	MX [�b 	MX [ ,
one obtains:: � H ��	c�'JH B �dJH
e �+VfX ;ZB[ H � 8T �'JH V B X ;ZB[ JH B �gJH Ve X ;CB[ JH
e �Dh (4)

The signal is : �iJH B �D� : �iJHje � , the variance of : is readily derived
from (4) if one assumes that the noise is Gaussian. This yields
a signal-to-noise ratio which can be used as a measure of
image quality [6]:

SNR
	ck �'JH B �UJH e � V X ;CB[ �'JH B �UJH e �Dh (5)

C. Multiple alternative forced choice study

For the human observer study, we used the MAFC (multiple
alternative forced choice) approach [8]. Images with exactly
one lesion are presented, the observer has to select the lesion
position from a finite set of possible positions. This approach
does not yield an ROC or LROC curve. However, it is far less
demanding for the observers, mainly because they don’t have
to rate their certainty. Similar to the LROC-experiment, the
MAFC experiment can be used to compute a detectability in-
dex or equivalent number, which can be used as a quantitative
measure of image quality [8].

To compare human and CHO performance, the CHO was
applied to the MAFC data as well. For that purpose, (4)
was computed for every lesion position, and the position
with maximum : was selected. This requires a covariance
matrix

X [ for every lesion position, which was estimated
by averaging over all available noisy images, and using the
noise-free images as the mean. This approach assumes that
the covariance matrix is independent of the contrast and is
the same for lesion present and absent (or at least that the
numerical observer believes so).

For CHO with internal noise (see next paragraph), the CHO
was applied a 100 times for every image with different internal
noise realizations.

D. CHO with internal noise

The direct comparison between the CHO and human ob-
servers on the same detection task revealed superior perfor-
mance for the CHO. This was particularly true for MAP recon-
struction: CHO performance increased almost monotonically
with increasing strength

�
of the smoothing prior, while human

performance reached a maximum for an intermediate value of�
(see eq (2)). Heavy smoothing with the prior decreases both

the signal and the noise. Apparently, the noise decreases faster,
yielding improved SNR and lesion detection by the CHO.
However, it seems that humans, unlike the CHO, are unable
to detect the small intensity changes. This can be modeled by
adding internal noise to the CHO [9], [7], [10]. We have added
noise with a standard deviation proportional to the average
amplitude of the channel outputs when there is no lesion:XGl[ 9 ^ � 0nm	 ^�F 	 X [ 9 ^ � 0�F (6)XGl[ 9 ^ � ^oF 	 X [ 9 ^ � ^�F �7p)qrX [ 9 ^ � ^oF �tsiJH e 9 ^�Fvu *xw (7)

where
X l[ is the adjusted covariance, and

p
is a parameter,

tuned with trial and error to obtain a good agreement with
human performance. Thus, an amplitude change is only reli-
ably detected if it is sufficiently large compared to the average
background amplitude.

III. EXPERIMENTS

In the first experiment, CHO tumor detection performance
in a simulated PET slice of the thorax was studied to compare
post-smoothed ML and MAP for

,�	y3
in (2). The second

experiment used the MAFC approach to compare the same
algorithms in a human observer experiment. The CHO was
applied to the same MAFC-image set to tune the internal noise



Fig. 1. Thorax phantom used for the channelized Hotelling observer study

parameter
p

. In the third experiment, the influence of MAP
with increased edge tolerance on tumor detection was studied
using the CHO. To estimate the error on the CHO SNR, the
bootstrapping method of Efron was used [11].

The PET slice was derived from a CT image (pixel size
0.825 mm). The image was segmented with thresholding, and
PET activities and attenuation values were assigned to the
different tissue types. Attenuated projections were computed
for 144 angles. These projections were smoothed to simulate
a detector resolution of 5 mm FWHM and rebinned to obtain
a PET sinogram of 150 detectors and 144 angles with a pixel
size of 3.3 mm, with a total count of 245000. For ML and
MAP reconstruction, the equivalent of 103 iterations were
used, using a scheme with a gradually decreasing number of
subsets.

A. CHO study comparing ML and MAP without edge toler-
ance.

Fig 1 shows the thorax image that was used for the studies.
For the channelized Hotelling observer (CHO) study, a lesion
was inserted at one of 5 positions, shown also in fig 1. For
each lesion, 100 Poisson noise realizations of attenuated PET
projections were computed and reconstructed with ML and
with MAP (using

,n	M3
). The regularization was varied from

“not smooth enough” to “too smooth” for clinical practice, as
judged by simple visual inspection. For ML, 5 different widths
of the Gaussian post-filter were applied (FWHM = 2,3,5,8,16
pixels, pixel size 3.3 mm), for MAP, 5 different values of

�
were used (

�z	 8 ��{6� 8 3`��{%3`� 8 3%3 ).
B. MAFC human observer study

For the human observer study a multiple alternative forced
choice experiment was designed [8]. The same thorax image
was used, but now there were 16 lesion positions. The lesions
had a diameter of 1 cm and the tumor to background ratio
was varied from 5 to 2.5 in 10 steps. In each image presented
to the observer, 15 lesions were “benign”, having the same
activity as the surrounding tissue, and 1 lesion was malign,
having increased activity. Together with the simulated PET
image, the registered simulated CT image was shown to the
observer. Figure 2 shows a snapshot of the interactive tool.
The observer could select the color lookup table, adjust its
minimum and maximum, change the image size on the screen
etc., similar as with the viewers used for clinical purposes.
Optionally the possible lesion positions were indicated with
a circle of adjustable size, as shown in the figure. Scoring

Fig. 2. The interactive tool for the human observer study. The 16 lesion
positions are indicated.

Fig. 3. Noise-free images of the thorax phantom used for the human observer
study. Top row is ML, bottom row is MAP. The left images have the weakest
regularization, the central ones the strongest. The left and middle images are
scaled to the same maximum. The two right images are the same as the
central ones, but scaled to a lower maximum, illustrating the difference in
local impulse response.

was done by clicking in one of the lesion positions. The PET
image was shown alternatively at the left and the right, in an
attempt to prevent the observer from rapidly browsing through
the images, using changes between subsequent images to
detect tumors. For each contrast, 8 randomly selected malign
lesions were shown, and the images were presented in order
of decreasing contrast. Thus, for each session, the observer
had to localize 80 lesions. There were 12 sessions: 6 for post-
smoothed ML (FWHM of 2, 3, 4, 5, 6 and 8 pixels) and 6 for
MAP (

�
= 3, 5, 7, 10, 20, 40).

The extreme regularizations are shown for noise-free images
with all lesions present in fig 3. The smoothing effects of the
prior and the Gaussian are very different. The prior has a
local impulse response with a sharp peak and heavy tails [2],
while the Gaussian has a wider peak but is more compact. No
attempt was undertaken to match the regularizations.

The CHO was applied to score the same data, and the
parameter

p
was adjusted to obtain good agreement with

human performance.
The output of the MAFC experiment is the fraction of

correct responses, which we use as a measure of detection
performance. The detectability index is a monotonic function
of the fraction of correct responses [8], so both numbers are
equivalent for ranking algorithms.

C. CHO-study for MAP with edge tolerance

The first experiment CHO SNR study (which was done with,|	}3
) was repeated for

,|	
10 and 20. In addition, the

experiment was repeated for the quadratic prior and the Huber



Fig. 4. The SNR of the CHO without internal noise as a function
of regularization, for MAP and postsmoothed ML. There is one curve per
lesion, see 1 for the lesion positions. The vertical bars represent the standard
deviations obtained with the bootstrapping method.

Fig. 5. The SNR of the CHO with internal noise as a function of
regularization, for MAP and postsmoothed ML. The vertical bars represent
the standard deviations obtained with the bootstrapping method.

prior. As argued above, the relative difference prior with
,n	M3

is similar to a quadratic prior. With
,�~�3

, it becomes more
similar to the Huber prior.

IV. RESULTS

A. CHO study comparing ML and MAP without edge toler-
ance.

Figure 4 shows the SNR of the CHO experiment without
internal noise for each of the five regions. For MAP, the CHO
performance increases monotonically with increasing

�
. In

contrast, there is a maximum performance for intermediate
smoothing with ML. When the CHO was handicapped with
internal noise, CHO performance was best at intermediate
regularization for both algorithms (figure 5), which agrees
better with human performance.

B. MAFC human observer study

Nine observers have completed the study, the fraction of
correct responses is plotted in fig 6. The CHO was applied
to the same data, its response is shown in the same figure.
The parameter

p
in (7) was set to 0.6 to obtain good agree-

ment with the human performance. The CHO with the same
parameters was used to produce the curves of fig 5 and 7.

C. CHO-study for MAP with edge tolerance

Figure 7 shows the response of the CHO with internal
noise for different MAP algorithms, using the thorax image

Fig. 6. Fraction of correct responses in the MAFC study averaged over the
9 observers, left ML and right MAP (solid line). The vertical lines indicate�

1 standard deviation. The CHO response is plotted as a dashed line.

Fig. 7. The response of CHO with internal noise to MAP with different priors,
as a function of the prior strength � . For each prior, the CHO response was
averaged over the 5 regions positions shown in fig 1

of figure 1. These include the relative difference prior with,�	�3`� 8 36� T 3 , the quadratic prior and the Huber prior. The
curves of fig. 7 were obtained by averaging over the 5 lesion
positions. As expected, the performance for the quadratic
prior is very similar to that for the relative difference prior.
Increasing edge tolerance by increasing

,
or using the Huber

prior results in decreased performance. Note that for high
values of

�
the hot spot is heavily smoothed. Consequently,

the differences between neighboring pixels becomes smaller,
entering the range where the priors act in their quadratic mode
(small differences are not considered as an edge). As a result,
the performance returns to that of the priors without edge
tolerance. We believe this explains why the edge preserving
priors have a local maximum near

�z	M{%3
V. DISCUSSION

The five lesions in the CHO study were positioned such as
to test different factors expected to affect the SNR, including
the level and degree of asymmetry in attenuation and measured
count. For the human observer study, more regions were used
in an attempt to obtain more “global” performance, and to
make the task somewhat more realistic. The lesions were
presented with random position, but in order of decreasing
contrast. The first images are relatively easy to score, and they
allow the observer to get used to the image characteristics.
This “learning phase” is useful, because the observers were
not used to the MAP images.

For practical reasons the entire study used only one image.
As a result, the observers rapidly knew the anatomy and tracer
distribution much better than they would in a realistic PET



oncology case. However, we believe that this situation is some-
what similar to the analysis of well registered PET and CT
images, e.g. as produced by hybrid PET/CT systems. In this
situation, the CT image provides virtually exact anatomical
knowledge, which allows the experienced observer to make a
good estimate of the normal PET image. For that reason, a
CT image was included in the observer study as well.

Without internal noise, the CHO performed better than the
human observers, and did systematically better with MAP
than with post-smoothed ML. As reported by other groups
[9], [7], [10], a good agreement with human performance
can be obtained by adding internal noise to the CHO. We
hypothesized that humans are unable to detect the small
differences in the heavily smoothed images. For that reason,
we set the internal noise proportional to the average signal
amplitude (in the lesion absent case) of each channel. This
seemed to work better than simply multiplying the diagonal
of the covariance matrix with a constant larger than one,
but we have not systematically compared different models.
Our noise model may be equivalent to the conversion of
the image from floating point to 8 bit integer proposed in
[12], which produces internal noise by round-off errors. When
extended with internal noise, the CHO performance decreased
and was optimal for intermediate regularization. Performance
with MAP was still slightly superior, but the difference with
ML was much smaller than without internal noise. Similar
findings were reported by Oldan et al [7] for the analysis of
SPECT MAP images.

The CHO study suggests MAP to be superior, but our
human observer study did not reveal a significant difference
between post-smoothed ML and MAP, provided that the
regularization is tuned for best performance. Currently, post-
smoothed ML is the method we apply in clinical routine,
because it has the advantage of yielding more uniform res-
olution than MAP. Our study does not provide arguments to
replace post-smoothed ML with MAP for these applications.
Note that for other applications, in particular for the inclusion
of anatomy, MAP was found to be superior to post-processed
ML [13], [14].

As argued above, the relative difference prior is similar to
the quadratic prior, except that its strength is adjusted based
on the image intensity. This adjustment avoids oversmoothing
in regions with high intensity, and makes the prior easier to
tune [4]. However, when considering a single lesion position
and varying the strength

�
, a similar performance curve should

be obtained for both priors. This was confirmed by the CHO
analysis (fig 7). It has been suggested that the quadratic
penalty results in excessive smoothing near edges, and for that
purpose other priors have been proposed, including the Huber
prior. However, our CHO-study indicates that for hot lesion
detection, the quadratic penalty is superior to the more edge
preserving penalties.

A limitation of our study was the use of a single 2D image.
It cannot be excluded that for slices with different anatomy
and for a volumetric analysis [15], [16] different results could
be obtained. We have attempted to use realistic count levels
to generate the Poisson noise, but the doses and scan times in
clinical practice vary considerably between PET centers. It is

possible that scanning at very different count levels may lead
to other findings.

VI. CONCLUSION

The human observer study did not reveal improved lesion
detection with MAP relative to post-smoothed ML, although
the CHO study suggested MAP to be superior.

The performance of the channelized Hotelling observer
agreed well with that of human observers, when internal
noise was added. With this tuned CHO, we found that lesion
detection performance was better for a quadratic penalty than
for penalties with edge tolerance.
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