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Reduction of Noise Amplification in SPECT Using
Smaller Detector Bin Size

DoSik Hwang and Gengsheng L. Zeng, Senior Member, IEEE

Abstract—In SPECT iterative reconstruction methods, such as
the ML-EM (Maximum Likelihood Expectation Maximization)
algorithm, the noise propagation from the projection measure-
ments into the reconstructed image has been a difficult problem to
control as the algorithm iterates. In this paper, we show that the
noise amplification at high number of iterations can be reduced
by using a detector whose bin size is smaller than the image pixel
size without applying any regularization methods or changing any
other factors. We compare different detector system characteris-
tics using SVD (Singular Value Decomposition) analysis, show the
noise properties in each detector system through both simulation
studies and physical phantom studies, and finally compare how the
noise amplification affects the image quality in different detector
systems. The ML-EM algorithm when used in conjunction with
a smaller detector bin size has better convergent properties and
reduces noise amplification at high number of iterations.

Index Terms—Detector bin size, iterative reconstruction algo-
rithm, maximum-likelihood expectation maximization, noise re-
duction, SPECT.

I. INTRODUCTION

I N SPECT imaging, it has been a challenge to reconstruct im-
ages from noisy projection data since the noise in the data

generally propagates to the final reconstructed image [1]–[7].
There are many factors that affect the noise propagation, and
controlling these factors is very important in image reconstruc-
tion. Among these factors, Huesman [8] reported that the image
pixel size should be substantially larger than the detector bin size
in order to limit statistical fluctuations in the iteratively recon-
structed image. However, this idea has not been put into practice.
Instead, detector bins that have the same size as the image pixels
continue to be used [5], [9], [10]–[13]. This paper shows that the
idea of using a detector bin size that is smaller than the image
pixel size can be applicable to the widely used iterative ML-EM
algorithm [14], even though Huesman’s paper [8] was based on
the noise propagation properties for iterative techniques in the
limit that the least square solution is reached.

With the current practice of using a detector bin size that
is the same as the image pixel size in iterative reconstruction
algorithms such as the ML-EM, the noise propagation from
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the projection data to the reconstructed image has been one
of the major problems to be regulated [3], [15], [16]. There
are three general approaches to regulate the noise propagation.
The first approach is to incorporate several regularizing terms
which provide prior knowledge of the object into the iterative
algorithms as in Bayesian and other classical regularization
algorithms [15]–[19]. The second is to postsmooth the recon-
struction obtained after many iterations of an ML algorithm
[14], [20], [21]. The third is to terminate the iteration at a
certain iteration number before the maximum-likelihood is
reached [2], [22], [23]. If no regularization terms or stopping
methods are used in the ML-EM algorithm, the noise in the
projection data keeps propagating into the reconstruction as the
algorithm iterates further and the quality of the reconstructed
images generally gets worse at higher iterations. Thus, one of
these regularizing methods is generally used in the ML-EM
algorithm. However this raises another issue: “where to stop”
(that is, determination of stopping rules) or “how to control
the overall strength of the regularizing terms” (that is, reg-
ularization parameter selection). Depending on the chosen
stopping rules or the regularization parameters, the qualities
and features of the reconstructed image vary and it is not
easy to determine one fixed universal stopping rule or choose
fixed optimal parameters that always produce a reconstructed
image with the “best” quality. This inconsistency in choosing
regularization parameters and stopping rules makes it cumber-
some to produce the “best” image and compare two different
imaging systems or reconstruction algorithms. Furthermore,
it is believed that the ML-EM algorithm with any of those
regularization methods generally produces images with some
bias or position-dependent quality, and a very high number
of iterations (a few hundreds or thousands) may be needed
to solve this problem [2], [20], [21]. In this paper, we show
that using a detector bin size which is smaller than the image
pixel size can help the ML-EM algorithm converge without
any further degradation of the image at higher iterations and
therefore reduce the noise amplification, even though none of
the regularization approaches are used. The advantage of using
the smaller detector bin size in reducing noise amplification is
that it can also lead to better detection of small objects. More
iterations generally enhance higher frequency terms, sharpen
the edges of objects in the image, and improve contrast be-
tween the objects and backgrounds. Higher iterations, however,
also amplify noise, and this amplified noise compromises the
improvements in the image quality. In the common practice of
using the ML-EM algorithm with a detector bin size that is the
same as the image pixel size, this noise amplification dominates
over the improvements in the image quality as the algorithm
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iterates; therefore the overall quality of the reconstructed image
is affected at higher iterations and it is not recommended to
“over iterate.” However, if a smaller detector bin size is used,
the noise level is stabilized (the image does not degrade further)
and the overall quality of the image improves or at least remains
constant at high number of iterations. In the following sections,
the advantages of using the smaller detector bins are presented
by the analysis of system characteristics, computer simulation
studies, and physical phantom studies with a Jaszczak phantom.

II. METHODS

A. Imaging Geometry

The parallel beam geometry was used in our studies. Fig. 1
illustrates the imaging geometry and two detectors. One is the
conventional detector whose bin size is the same as the image
pixel size (Detector 1). The other is our proposed detector whose
bin size is the half of the image pixel size (Detector 2). If each
pixel in the image has a dimension of , then the bin size
of Detector 1 is , and the bin size of Detector 2 is . We will
refer to Detector 1 by SBS (Same Bin Size) and to Detector 2 by
half bin size (HBS). Likewise, detectors with bin sizes of
and will be referred to by quarter bin size (QBS) and eighth
bin size (EBS), respectively.

B. Image Reconstruction Method: ML-EM

In this paper, the iterative ML-EM algorithm was used to
reconstruct the image from multiple projection measurements.
The basic formula for the algorithm is as follows [14]:

(1)

where represents the th pixel value in the image, is the
value at the th projection bin, and is the length of the seg-
ment of the ray from the th projection bin within the th pixel.

C. System Characterization

To demonstrate the advantages of using detectors with
smaller bin sizes, the solution characteristics of the ML-EM
algorithm are presented, using the singular value decomposition
(SVD) technique. We also show the relevance of using SVD
for this purpose.

Barrett et al. [3], amongst others, provided a good under-
standing of the noise properties of the ML-EM algorithm. In
their analysis, the noise propagation in the reconstructed image
depends on the system characteristics, iteration number, noise
and an object to be imaged itself. Since the object itself is in-
volved in the noise propagation in a complicated way, it is better
to put aside the effect of an object when different imaging sys-
tems or reconstruction algorithms such as same bin size (SBS),
HBS, QBS, or EBS are to be compared with each other. One
reasonable way to nullify the effect of an object is to consider a
large and low-contrast object, where Barrett et al. approximated

Fig. 1. Imaging geometry. The parallel beam geometry was used. Projection
data are acquired either with Detector 1 or Detector 2. Each pixel in the image
has a dimension of d � d. The bin size of Detector 1 is the same as the image
pixel size (d), while the bin size of Detector 2 is halved (d=2).

the asymptotic behavior of the variance of the reconstructed
image as [3]

(2)

(3)

(4)

where is the system matrix (transfer matrix), is the solu-
tion vector, is the element of , is the noiseless esti-
mate of , and and are constants which are determined
by the object intensity and the measurement sensitivity. Hence,

is basically the projection-then-backprojection matrix and
is the backprojection matrix. Equations (2)–(4) suggest that the
imaging systems for which is poorly conditioned tend to
suffer more noise amplification than others for which it is better
conditioned [3]. Therefore, the matrix is very important
in the noise amplification in the ML-EM algorithm. This con-
clusion can also be derived and supported as follows.

In Zeng et al. [24], a generalized Landweber iterative algo-
rithm was applied to characterize the ML-EM algorithm with an
unmatched projector/backprojector pair and the ML-EM algo-
rithm was expressed in the additive form

(5)

where

(6)

and

(7)



HWANG AND ZENG: REDUCTION OF NOISE AMPLIFICATION 1419

where

(8)

When it converges [25], the final form of solution can be ex-
pressed as

(9)

To verify this expression, we can check if this expression satis-
fies the maximum-likelihood criteria with Poisson noise, which
is the basis for the ML-EM algorithm.

The likelihood function based on Poisson assumption is

(10)

The maximum-likelihood estimate solution can be obtained by
taking the partial derivatives on the log-likelihood function

(11)

and setting it to zero yields

(12)

The left-hand side (LHS) of (12) can be written as

(13)

where is a vector of length , , and
the right-hand side (RHS) of (12) is

(14)

where is the column vector of length whose components
are all ones.

For the th element of the solution , the maximum-likeli-
hood estimate satisfies

(15)

Fig. 2. Generation of projection data.

Finally, the overall equation can be written as

(16)

Therefore, the solution of maximum-likelihood estimate with
Poisson assumption is the solution that satisfies (16).

Now, if we examine the solution in (9), we can see that it sat-
isfies (16). Multiplying each side of (9) with leads
to

(17)

In the RHS of (17)

(18)

and in the LHS of (17) with (7)

(19)

which leads to the conclusion that (9) satisfies the max-
imum-likelihood criteria with Poisson assumption, (16). In
other words,

(20)

Therefore, we can use (9) to characterize the ML-EM solution
[(9) is not the exact same solution of ML-EM since it ignores
the nonnegativity of ML-EM; nevertheless, it gives a reason-
able approximation enough to characterize the ML-EM solu-
tion. Experiments show general agreement between the system
characterization using (9) and the noise properties of ML-EM
solution]. It is easily seen that the form of (9) is the weighted
least-square solution with the weight of the estimated variance,

, and the solution char-
acteristics can be investigated using the SVD technique. The
weighting matrix varies with the iteration number , but
it is a reasonable assumption that the weighting matrix remains
constant after a sufficient number of iterations, .
Therefore, the characteristics of the solution can be assessed by
investigating the singular values of .

By the SVD technique, can be decomposed as

(21)
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Fig. 3. Phantoms for computer simulation studies. (a) Phantom 1. (b) Phantom 2. (c) Regions of interest.

Fig. 4. A Jaszczak phantom. A Jaszczak phantom (left), a transverse slice with cold spheres (middle) and a transverse slice with cold rods (right).

and

(22)

If the variances in all projection bins are the same, namely,
, then

(23)

Therefore, the singular values of are the singular values
of scaled by a constant , and the noise properties of the
solution can be understood by investigating the singular values
of , which agrees with the approximate conclusion of Bar-
rett et al., (2)–(4). In practice, the singular values change de-
pending on the different variances or weights, or depending on
the objects to be imaged.

In the result Section III-A, the singular values with and
without weights are presented, followed by the computer sim-
ulation studies which agree with the system characterizations.
The system matrix was computed based on the ray-driven
projector: was defined as the length of the segment of
the ray from the th projection bin within the th pixel. The
dimension of the image was 32 32 and the number of projec-
tion views was 32 over . The HBS projection matrix was
first computed, and then the SBS matrix was computed from
the HBS matrix by summing two coefficients that corresponds
to one bin of SBS. (This procedure eliminates the possibility
that the SBS projection matrix might be less accurately imple-
mented due to the thin projection rays than the HBS projection
matrix. However, it turned out that the singular values as well

as simulation results were almost the same whether the SBS
projection matrix was constructed from the HBS projection
matrix or it was constructed with its own thin rays.)

D. Computer Simulation Studies

For computer simulation studies, we used combinations of
uniform disk phantoms. The basic formula to simulate the pro-
jection data of the uniform disk phantom is shown in Fig. 2 and
in (24)

(24)

where is the intensity of the phantom and is the projection
value at the location of detector bin . After the projection data
were generated using (24), they were convolved with a Gaussian
smoothing window to take into account the finite resolution of
detectors, and then Poisson noise was added into them. With re-
spect to the finite resolution of detectors and the “rule of thumb”
for the pixel size of the image to be reconstructed, it is believed
that the pixel size should be as small as (full
width half maximum) of the system [26]. Therefore, we gen-
erated data in QBS detector bins and convolved them with a
Gaussian smoothing window, which made FWHM of the QBS
system equal to 12 bins of the QBS detector. The pixel size
should be as small as of the QBS system, which
is of the of the QBS
detector. Four bins of the QBS detector corresponds to 1 bin of
the SBS detector. In this way, the “rule of thumb” for the pixel
size of the image can be satisfied. In the simulation studies, we
generated the projection data in QBS bins, convolved with the
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Fig. 5. Effect of weights on singular values ofH �H . (a) The weights were approximated using the projection data of the Jaszczak phantom. (b) The weights
were approximated using real patient projection data. The triangle and circle marks represent SBS and HBS without weights, respectively. The square and star
marks represent SBS and HBS with weights, respectively.

Fig. 6. Normalized singular values ofH H for SBS, HBS, QBS, and EBS.

smoothing window, and then rebinned them into HBS and SBS
bins.

Two phantoms were used to compare the conventional SBS
system and the proposed HBS system. One was the large back-
ground disk combined with a small hot lesion. The other was the
large background disk combined with two closely located small
hot lesions (Fig. 3). The dimension of the image was 64 64.
The number of projection views was 64 over . With the
first phantom, the noise characteristics of SBS and HBS sys-
tems were investigated over the uniform area of the phantom.
The standard deviation normalized by its mean over the uni-
form area [ROI 3 in Fig. 3(c)] was calculated for the noise as-
sessment and will be referred to as “noise index” hereafter. The
contrast between the hot lesion and its neighboring background
was also studied. Two regions of interests, ROI 1 and ROI 2 for
the contrast assessment are shown in Fig. 3(c). The contrast was
calculated using

(25)

Fig. 7. Noise index versus iterations. Noise indexes for up to 1000 iterations
using SBS, HBS, QBS, and EBS. The phantom was a uniform disk phantom
and the dimension of the image was 32 � 32. The number of projection views
was 32. The total count was 136 769. The mean noise values and their standard
deviations were calculated from 100 realizations.

The study with the second phantom showed the effect of the
reduction of noise on the detectability of small objects (see Sec-
tion III-C).

E. Physical Phantom Studies: The Jaszczak Phantom

The Jaszczak phantom (Data Spectrum Corporation, Hills-
borough, NC, USA) shown in Fig. 4 (left) is a cylindrical acrylic
phantom with “cold” inserts of rods (measuring 5, 6.4, 8, 9.5,
11.5, 13 mm in diameter) and spheres (measuring 9.5, 13, 16, 19,
25.5, 32 mm in diameter), and a region of uniform activity. The
phantom was filled with 15.5 mCi of Tc-99m and water, and pro-
jection data were acquired over 21 min using an IRIX SPECT
system (triple-detector camera, Philips Medical Systems, Cleve-
land, OH) at the University of Utah Hospital. FWHM of the
collimator used in our studies was 7.6 mm at the distance of 10
cm. The orbit radius in our experiments was 26.1 cm and the
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Fig. 8. Reconstructed images from SBS and HBS. (a) Reconstructed image without Poisson noise. (b) and (c) Images that were reconstructed from SBS and
HBS data with noise, respectively. (d) and (e) Reconstructed images from SBS and HBS data in the high contrast simulation (the intensity of the hot lesion was
doubled), respectively.

radius of the phantom was 11 cm. Therefore, the average reso-
lution (FWHM) can be estimated as

. According to the “rule of thumb” for pixel size in
SPECT imaging ( of the system), the pixel size
should be as small as . In our studies, the
image pixel size was and the detector bin size for
SBS was 4.6 mm, which was smaller than 5.2 mm. The projec-
tion data were acquired into a 256 256 matrix (
for each element) for each of the 120 views over 360 . The
256-bin array of projection data for the slice of interest was re-
binned into a 128-bin array for the same bin size (SBS: 4.6 mm)
study, and the 256-bin array itself for the half bin size (HBS:
2.3 mm) study. The dimensions of the reconstructed image for
both cases were 128 128 ( for each element).
A transverse slice with uniform activity was used for the noise
and convergence study, and the slices containing spheres (Fig. 4
middle) and rods (Fig. 4 right) were used to see how noise would
affect the image qualities in SBS and HBS. The ML-EM al-
gorithm was used in the reconstruction. No attenuation correc-
tion, scatter correction, and detector blurring correction were
performed.

F. Physical Phantom Studies With Geometric Point Response
Modeling: Cardiac Phantom

In the previous simulation studies, as well as the physical
phantom studies, no attenuation correction, scatter correction,
and detector blurring correction were performed. Since the pro-
posed HBS detector could be related to the sampling issues (we

smoothed the projection data to address these sampling issues in
the simulation studies as described in the method Section II-D)
and the reconstruction problem generally becomes poorer con-
ditioned also for HBS when the finite resolution of detector
is taken into account, we incorporated the geometric point re-
sponse modeling into the reconstruction problem to see how this
affects our studies. For the geometric response correction, we
used the Zeng and Gullberg’s method [27]. The phantom was
the Data Spectrum’s Cardiac Insert with ventricle overall diam-
eter of 6.1 cm and myocardium thickness of 1.0 cm.

G. Effect of Attenuation Modeling

We also investigated the effect of attenuation modeling on
our studies. Based on a simulated attenuation map, the SBS
and HBS projection matrices with attenuation modeling were
constructed in the same way as described in Section II-C. Their
singular values were presented and compared with the singular
values without attenuation modeling. The dimension of the
image was 32 32. The number of projection views was 32
over .

III. RESULTS

A. System Characterization Using SVD

Fig. 5 shows the normalized singular values of
and . The weights were approximated based on

, (a) with the projec-
tion measurements of the Jaszczak phantom and (b) with a real
patient data. The triangle and circle marks represent SBS and
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Fig. 9. Line profile and contrast for the noiseless reconstruction. Upper graph shows the profile of the vertical line passing the hot lesion for SBS and HBS. Lower
graph shows the contrast values at each iteration for SBS and HBS.

HBS without weights, respectively. The square and star marks
represent SBS and HBS with weights, respectively. It can be
seen that the singular values changed after the introduction of
weights both in SBS and HBS, but also that the differences
between the singular values with weights manifested the fun-
damental differences inherent in the singular values without
weights.

Since the singular values of the weighted system also mani-
fest the inherent differences between two unweighted systems,
we may use singular values of in general to investigate the
solution characteristics of the ML-EM algorithm and compare
SBS, HBS, QBS, and EBS. Fig. 6 shows the singular values of

for SBS, HBS, QBS, and EBS.
Fig. 6 suggests that the reconstruction system of HBS was

better conditioned than that of SBS. However, there was little
difference between HBS, QBS, and EBS. This result agrees with
the following simulation studies where noise in the solution of
SBS kept being amplified at higher iterations while the noise
level in the solutions with HBS, QBS, and EBS converged. Sim-
ulation studies also confirmed the negligible difference between
HBS, QBS, and EBS (Fig. 7). Hence, only HBS and SBS are
studied and compared in the later sections.

B. Simulation Studies With One Small Hot Lesion and
Background

Fig. 8 shows the reconstructed images of phantom 1
[Fig. 3(a)] from SBS and HBS data at the 5000th iteration.
Fig. 8(a) shows the noiseless reconstruction image. Fig. 9
shows the line profile of the noiseless reconstruction image
(upper) and the contrast values at each iteration (lower). The
contrast values were calculated using (25) and ROI’s are de-
fined in Fig. 3(c). The true contrast was 0.4. The dot and circle

Fig. 10. Noise index and contrast of the reconstruction with noise. The curves
were obtained by changing the iteration number from 1 to 5000. Noise indexes
and contrast values of the reconstruction with Poisson noise were calculated
from 100 realizations. Their standard deviations were presented with error bars
at several iterations (vertical and horizontal error bars are for noise indexes and
contrast values, respectively). The true contrast was 0.4. Both SBS and HBS
reached to the same contrast level, but the noise in SBS increased much higher
than in HBS.

represent for SBS and HBS, respectively. It can be seen that
SBS and HBS produced almost the same profiles. However,
HBS produced better results than SBS when Poisson noise was
added into the projection data. The reconstructed image from
SBS in Fig. 8(b) is very noisy and the centered hot lesion is
distorted significantly, which makes it difficult to detect the
lesion and recognize its shape. The reconstructed image from
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Fig. 11. Reconstruction of two closely located lesions. (a) Noiseless reconstruction. (b) and (c) Reconstructions from SBS and HBS data with the presence of
statistical noise, respectively. (d) Values of pixels which lie on the vertical line passing through two lesions.

HBS Fig. 8(c) is less noisy and the lesion is more focused at
the center, which makes it easier to recognize. Fig. 8(d) and
(e) shows similar results with high contrast simulation (the
intensity of the hot lesion was doubled). Fig. 10 shows the
noise indexes and contrast values of the noisy reconstructed
images at all iterations. The curves were obtained by changing
the iteration number from 1 to 5000. They were calculated from
100 realizations. Their standard deviations were presented at
several iteration numbers. Both SBS and HBS reached to the
same contrast level, but the noise in SBS increased much higher
than in HBS around the maximum contrast level.

C. Simulation Studies With Two Closely Located Small Hot
Lesions and Background

Fig. 11 shows the reconstructed images of phantom 2
[Fig. 3(b)]. The locations for two lesions were at (0.5, 2.5)
and (0.5, 2.5). The distance between them was 5 pixels. HBS

produced better image, so that two lesions were more easily
resolved than in SBS. Top graph in Fig. 11(d) shows that
SBS and HBS produced the same results when there was no
statistical noise. However, with the presence of the noise, HBS
produced better results than SBS as shown in the other graphs
of (d). HBS produced two distinct peaks with similar maximum
values at the true locations, while SBS produced an erroneous
large peak and two small peaks.

D. Physical Phantom Studies: The Jaszczak Phantom

The slice with uniform activity was reconstructed in the con-
ventional way (SBS: detector bin size was 4.6 mm) and using
the half bin size (HBS: 2.3 mm). Fig. 12 shows results consis-
tent with the computer simulation studies: Using the HBS pro-
duced a more stable and less noisy image. After 500 iterations,
the noise in HBS did not increase, remaining constant up to
5000 iterations. By contrast, the noise in SBS kept increasing
throughout all iterations.
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Fig. 12. Noise index over uniform area. The noise indexes were calculated
over a uniform area of the Jaszczak phantom. The broken line is for SBS and
the sold line is for HBS. The noise index kept increasing in SBS as the algorithm
iterated while it stabilized and remained constant in HBS.

Fig. 13. The reconstructed images: the slice containing spheres (a) and (b) are
the reconstructed images after 5000 iterations from SBS and HBS, respectively.

The slice with six cold spheres (Fig. 4 middle) was recon-
structed from SBS and HBS data. Fig. 13 shows the recon-
structed images after 5000 iterations. SBS (a) is noisier than
HBS (b). The largest two spheres are easily recognized in both
images. The third small sphere (in the lower part of the image)
is hardly recognizable in SBS, due to the amplified noise around
it, while it is recognizable in HBS. The fourth, fifth, and sixth
spheres can be seen in neither image. Fig. 14 shows the recon-
structed images of a slice containing many rods (Fig. 4 right-
most). The image reconstructed from SBS is noisier than the
image from HBS; rods in the lower part are hardly resolvable in
the image from SBS, while in the image from HBS more rods
can be resolved.

E. Physical Phantom Studies With Geometric Point Response
Modeling: Cardiac Phantom

Fig. 15(a) shows an example of the reconstructed image
without geometric response correction; and (b) is the recon-
structed image with geometric response correction for the same
slice. Fig. 15(c) shows the noise characteristics of SBS and
HBS with geometric response correction. The noise in SBS
kept increasing as the algorithm iterated, whereas it stabilized

Fig. 14. The reconstructed images: slice containing rods (a) and (b) are the
reconstructed images after 5000 iterations from SBS and HBS, respectively.

in HBS. Fig. 15(d) shows the normalized singular values of
SBS and HBS system matrices. The HBS system was better
conditioned than the SBS system, even with geometric point
response modeling.

These results agree with the previously described studies.
However, it needed very high number of iterations to get the
advantage of using HBS. It was after 6000 iterations that the
noise index of HBS became lower than that of SBS as shown in
Fig. 15(c). Without geometric response correction, it happened
at less than 1000 iterations (Fig. 7, Fig. 10, and Fig. 12). It is
because the HBS system with geometric response correction
also became poorer conditioned, which made the noise keep in-
creasing up to much higher number of iterations. Nevertheless,
the statement is still valid that the use of the HBS makes the
solution converge and reduces the noise amplification at high
number of iterations.

F. Effect of Attenuation Modeling

Fig. 16(a) shows the simulated attenuation map. The SBS and
HBS system matrices were constructed based on this attenua-
tion map. The singular values for the SBS and HBS system ma-
trices with attenuation modeling were presented in Fig. 16(b)
and compared with the singular values without attenuation mod-
eling. The triangle and circle marks are for the systems without
attenuation modeling. The square and star marks are for the sys-
tems with attenuation modeling. The HBS system was better
conditioned than the SBS system even with attenuation mod-
eling.

IV. CONCLUSION

We have shown that an iteratively reconstructed image can
be improved by using a smaller detector bin size during data ac-
quisition. Image stability and noise reduction are significantly
improved with a bin size reduction to only half of the image
pixel size and without changing any other factors such as the
number of projection angles and scanning time. The improved
overall image quality results because the noise level is stabilized
at higher iterations. In SPECT, for example, the image resolu-
tion is mainly determined by the collimator but is also closely
dependent on the effect of noise. The promised resolution thus
may not be achieved if noise amplification is not well controlled
at higher iterations. Our studies have shown that the use of the
HBS makes the solution converge and reduces the noise at high
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Fig. 15. Geometric response correction. (a) and (b) Reconstructions of a cardiac phantom with and without geometric response correction, respectively. (c) Noise
characteristics of SBS and HBS reconstruction with geometric response correction. (d) Normalized singular values of SBS and HBS system matrices with geometric
response correction.

Fig. 16. Singular values with attenuation modeling. (a) Attenuation map. (b) Normalized singular values of SBS and HBS system matrices with/without
attenuation modeling. The HBS system was better conditioned than the SBS system.

number of iterations. Simulation studies showed that a reduc-
tion of detector bin size to the HBS produces less noisy images

for small objects, and therefore better resolves two closely lo-
cated small objects. Physical phantom studies also showed that
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by using HBS the solution becomes stabilized and less noisy
images are obtained at high number of iterations. No advantage
was observed of using bin sizes smaller than the HBS, such as
one quarter of the conventional size.
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