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a b s t r a c t

The noise reduction algorithm using the non-local means (NLM) approach is very efficient in nuclear
medicine imaging. In this study, the applicability of the NLM noise reduction algorithm in single-photon
emission computed tomography (SPECT) images with a brain phantom and the optimization of the NLM
algorithm by changing the smoothing factors according to various reconstruction methods are investi-
gated. Brain phantom images were reconstructed using filtered back projection (FBP) and ordered subset
expectation maximization (OSEM). The smoothing factor of the NLM noise reduction algorithm deter-
mined the optimal coefficient of variation (COV) and contrast-to-noise ratio (CNR) results at a value of
0.020 in the FBP and OSEM reconstruction methods. We confirmed that the FBP- and OSEM-based SPECT
images using the algorithm applied with the optimal smoothing factor improved the COV and CNR by
66.94% and 8.00% on average, respectively, compared to those of the original image. In conclusion, an
optimized smoothing factor was derived from the NLM approach-based algorithm in brain SPECT images
and may be applicable to various nuclear medicine imaging techniques in the future.
© 2023 Korean Nuclear Society, Published by Elsevier Korea LLC. This is an open access article under the

CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).
1. Introduction

A representative device for nuclear medicine imaging is a
gamma camera using a single energy-emitting nuclide, and single-
photon emission computed tomography (SPECT), designed to ac-
quire three-dimensional information, is used primarily to acquire
more accurate lesion information [1,2]. One of the major problems
with gamma cameras and SPECT images is that they generate more
noise than radiographs. Because the noise in a medical image de-
pends on the number of detected photons, the amount of noise in a
nuclear medicine image inevitably increases [3]. SPECT images
used for brain perfusion studies have various advantages compared
to other modalities, but the noise generated in the area to be
observed may reduce the accuracy of diagnosis [4]. Nikolov et al.
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by Elsevier Korea LLC. This is an
reported that brain SPECT noise can cause very low cerebral blood
flow values due to low perfusion and that the histogram of the
acquired image may be deformed [5].

The reconstruction method is one of the most sensitive factors
affecting noise in brain SPECT images. Filtered back projection (FBP)
is the most widely used method to reconstruct SPECT images in
nuclear medicine [6]. An indirect solution method is used through
expectation maximization (EM) as an iterative reconstruction
method, and the ordered subset EM (OSEM) method is most effi-
ciently applied to SPECT image reconstruction [7]. Depending on
the method of reconstructing the SPECT image, the image quality
and noise characteristics are changed. According to the study by
Trevisan et al., the OSEM reconstructionmethodwas superior to the
qualitative and quantitative evaluation results compared to the FBP
and said that it would help prepare a brain SPECT image evaluation
index for the diagnosis of Alzheimer's or Parkinson's disease [8].

A typical approach to reduce the noise in nuclear medicine
images is to use software. Among these techniques, the non-local
means (NLM) approach has proven effective in noise reduction
since it was proposed by Rudin et al., in 1991, and its use has been
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Fig. 1. Region of interest (ROI) set-up for COV and CNR evaluation in acquired sample
SPECT images. ROItarget was used for CNR and COV evaluation, and ROIbackground was
used for CNR evaluation.
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increased by many researchers in medicine [9e12]. To observe the
structural details in detail, a noise reduction algorithm using the
NLM approach is actively applied to computed tomographs and
magnetic resonance images [10,11]. Jang et al. showed the useful-
ness of the NLM noise reduction algorithm in SPECT images ob-
tained using the OSEM reconstruction method based on the
Hoffman 3D brain phantom and 99mTc radioisotope [12]. They
confirmed that the quantitative noise level of the NLM noise
reduction algorithm was significantly reduced compared to the
Gaussian and median filters, which are previously used filtering
methods.

The parameters that can be changed during the modeling of the
NLM noise reduction algorithm affect the quality of the resulting
image. Among these parameters, it is essential to derive an
appropriate value of the smoothing factor with the greatest influ-
ence on the noise intensity control.

When an excessive smoothing factor is applied to the acquired
image, an appropriate value must be determined, because noise
and information about the area that needs to be observed may be
lost. According to Kang et al., the smoothing factor of the NLM noise
reduction algorithm in the color image was studied and as a result,
a parameter of an appropriate level was derived [13]. However, few
studies have been conducted to optimize the smoothing factor of
the NLM noise reduction algorithm in SPECT images.

In this study, we attempted to derive the optimized smoothing
factor of the NLM noise reduction algorithm in brain SPECT images
using various reconstruction methods. Using a real SPECT system,
we intend to apply the NLM noise reduction algorithm to various
smoothing factors modeled and acquired from brain phantom im-
ages. As quantitative evaluation factors for optimization, we want
to use the coefficient of variation (COV) and contrast-to-noise ratio
(CNR) and to prove the usefulness of the proposed method by
comparing the optimized SPECT image with conventional filtering-
based images.

2. Materials and methods

2.1. Used SPECT imaging system and phantom

A dual-head detector-based SPECT imaging system using the
Infinia Hawkeye 4 (GE Healthcare, Chicago, IL, USA) model was
used. A 99mTc radioisotope (250 mCi) was used, and images were
acquired at a frame rate of 3 s/framewith a parallel-hole collimator.
For the reconstruction method, FBP and OSEM with two iterations
and 10 subsets were used, and a Butterworth filter with 0.5 critical
frequency and 10 power was applied to both. A Hoffman brain
phantom was used.

2.2. Modeling of NLM noise reduction algorithm

The NLM approach has a great advantage in that it can show
results similar to those obtained using multiple images by collect-
ing similar areas within one image and then taking the average [9].
Buades et al. proposed a method to efficiently reduce image noise
using this principle [14]. Theoretically, the NLM denoising algo-
rithm is based on the following equation.

NL½vðiÞ�¼
X
j2Di

wði; jÞvðjÞ (1)

where rðiÞ and rðjÞ denote the brightness of pixels i and the pixel j,
respectively, Di denotes a search volume set centered on pixel i, and
wði; jÞ denotes a weight indicating the similarity between pixel i
and pixel j. Thewði; jÞmust satisfy 0 � wði;jÞ � 1, and in general, the
amount of calculation is reduced when calculating the weights for
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neighboring pixels. The wði; jÞ can be calculated using the expo-
nential function for the difference in the neighboring regions as
follows:

wði; jÞ¼ 1
Zi
exp

0
@�

��vðNiÞ � v
�
Nj
���2

2;a

h2

1
A (2)

where Zi is a normalizing constant, h is a smoothing factor, and
vðNiÞ and vðNjÞ are pixel vectors composed of neighboring pixels of
two pixels i and j, respectively. In this study, the smoothing factor,
which has a major influence on the noise level, was increased from
0.005 to 0.050 in steps of 0.005 and applied to the acquired SPECT
image.
2.3. Quantitative evaluation of image quality

The COV and CNR parameters were used for the quantitative
evaluation and optimization of the SPECT images acquired using
the NLM noise reduction algorithm, to which various smoothing
factors were applied. The two evaluation parameters were calcu-
lated using the following formula using the region of interest (ROI)
in Fig. 1 [15].

COV¼ sTarget
STarget

(3)
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CNR¼

���STarget � SBackground
���

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
sTarget2 þ sBackground

2
q (4)

where STarget and starget indicate the signal and standard deviation
values in the target regions, respectively, SBackground and sBackground
represent the signal and standard deviation values in the back-
ground regions, respectively.
Fig. 3. (a) Result images, (b) COV graph, and (c) CNR graph according to the change in
the smoothing factor of the NLM noise reduction algorithm based on the OSEM
reconstruction method.
3. Results and discussion

Fig. 2 shows the results according to the change in the
smoothing factor of the NLM noise reduction algorithm in the brain
SPECT image using the FBP reconstruction method. Fig. 2 (a) shows
a SPECT image obtained by changing the smoothing factor of the
NLM noise reduction algorithm and shows a full-size image and an
enlarged image of the brain area. In addition, graphs of the results
of the COV and CNR according to the smoothing factor measured in
Fig. 2 (a) images are shown in Fig. 2 (b) and (c), respectively. We
confirmed that the COV result of the FBP reconstructed image
gradually decreased as the smoothing factor increased. When using
a smoothing factor of 0.005, the COV value was measured to be
0.0049 and was confirmed to be 0.0020 when using a smoothing
factor of 0.050. When the NLM noise reduction algorithm using a
smoothing factor of 0.020 was applied to the SPECT image, a COV of
0.0021 was derived, similar to the result measured at a smoothing
factor of 0.050. In addition, we confirmed that the CNR results of
the FBP reconstructed image gradually increased as the smoothing
factor increased. When a smoothing factor of 0.005 was used, the
CNR value was measured to be 15.89, which was confirmed to be
18.22 with a smoothing factor of 0.050. When the NLM noise
reduction algorithm using a smoothing factor of 0.020 was applied
to the SPECT image, a CNR of 17.79 was derived, similar to the result
measured at a smoothing factor of 0.050. We proved that applying
the NLM noise reduction algorithm with a smoothing factor of
0.020 to the brain SPECT image based on the FBP reconstruction
method is the optimal value because the slope change of the COV
Fig. 2. (a) Result images, (b) COV graph, and (c) CNR graph according to the change in
the smoothing factor of the NLM noise reduction algorithm based on the FBP recon-
struction method.
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and CNR result graphs becomes almost constant.
Fig. 3 shows the results according to the smoothing factor

change of the NLM noise reduction algorithm in the brain SPECT
image using the OSEM reconstruction method. Fig. 3 (a) shows a
SPECT image obtained by changing the smoothing factor of the
NLM noise reduction algorithm and shows a full-size image and an
enlarged image of the brain area. In addition, graphs of the results
of the COV and CNR according to the smoothing factor measured in
Fig. 3 (a) images are shown in Fig. 3 (b) and (c), respectively.
Similarly to the FBP results, we confirmed that the COV results of
the OSEM reconstruction image gradually decreased as the
smoothing factor increased. When a smoothing factor of 0.005 was
used, the COV value was 0.0044 and was 0.0017 when using a
smoothing factor of 0.050. When the NLM noise reduction algo-
rithm with a smoothing factor of 0.020 was applied to the SPECT
image, a COV of 0.0020 was derived, similar to the result measured
with a smoothing factor of 0.050. In addition, we confirmed that the
COV results of the OSEM reconstruction image gradually decreased
as the smoothing factor increased, with the same tendency as the
evaluation result using the FBP reconstruction method. When a
smoothing factor of 0.005was used, the CNR valuewasmeasured to
be 16.87, which was confirmed to be 19.02 with a smoothing factor
of 0.050. When the NLM noise reduction algorithm with a
smoothing factor of 0.020 was applied to the SPECT image, the CNR
of 18.35 was derived, showing that it was similar to the result
measured with a smoothing factor of 0.050. We showed that
applying the NLM noise reduction algorithm with a smoothing
factor of 0.020 to the brain SPECT image based on the OSEM
reconstruction method is the optimal value because the slope
change of the COV and CNR result graphs starts to become almost
constant, with the same tendency as the evaluation result using the
FBP reconstruction method.

In brain SPECT images using the FBP and OSEM reconstruction
methods, the NLM noise reduction algorithm using a 0.020
smoothing factor was themost efficient. To prove the noise removal
efficiency of the image to which the optimal NLM algorithm was
applied, a comparative evaluation was performed by modeling the
conventional filtering method. Fig. 4 shows the results of applying



Fig. 4. Comparison results between the NLM noise reduction algorithm applied with the optimal smoothing factor of 0.020 based on the FBP reconstruction method and the
conventional filtering methods: (a) result images, (b) COV graph, and (c) CNR graph.
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various filtering methods and the optimal NLM noise reduction
algorithm to the brain SPECT image using the FBP reconstruction
method. Fig. 4 (a) shows the SPECT image obtained using FBP
reconstruction for each noise reconstruction method, and the ob-
tained COV and CNR result graphs are shown in Fig. 4 (b) and (c).
The COV values of the original image, median filter, Gaussian filter,
Wiener filter, and optimized NLM algorithm in the SPECT image
acquired using FBP reconstruction were 0.0063, 0.0054, 0.0059,
0.0041, and 0.0021, respectively. The COV values of the SPECT image
with FBP reconstruction using the optimized NLM algorithm were
66.67%, 66.11%, 64.41%, and 48.78% higher than those of the original
image, median filter, Gaussian filter, and Wiener filter, respectively.
In addition, the CNR values of the original image, median filter,
Gaussian filter, Wiener filter, and optimized NLM algorithm in the
SPECT image acquired using FBP reconstruction were derived as
16.35, 17.39, 16.55, 17.51, and 17.79, respectively. The CNR results of
the SPECT image with FBP reconstruction using the optimized NLM
algorithm were 8.81%, 2.30%, 7.49%, and 1.60% higher than those of
the original image, median filter, Gaussian filter, and Wiener filter,
Fig. 5. Comparison results between the NLM noise reduction algorithm applied with the o
conventional filtering methods: (a) result images, (b) CNR graph, and (c) COV graph.
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respectively. Fig. 5 shows the results of applying various filtering
methods and the optimal NLM noise reduction algorithm to the
brain SPECT image using the OSEM reconstruction method. Fig. 5
(a) shows the SPECT image obtained using OSEM reconstruction
for each noise reconstruction method, and the obtained COV and
CNR result graphs are shown in Fig. 5 (b) and (c). The COV values of
the original image, the median filter, Gaussian filter, Wiener filter,
and optimized NLM algorithm in the acquired SPECT image using
OSEM reconstruction were derived as 0.0061, 0.0051, 0.0059,
0.0036, and 0.0020, respectively. The COV results of the SPECT
image with OSEM reconstruction using the optimized NLM algo-
rithmwere 67.21%, 60.78%, 66.10%, and 44.44% higher than those of
the original image, median filter, Gaussian filter, and Wiener filter,
respectively. Moreover, the CNR values of the original image, me-
dian filter, Gaussian filter, Wiener filter, and optimized NLM algo-
rithm in the acquired SPECT images using OSEM reconstruction
were derived as 17.12,17.79,17.43,18.13, and 18.35, respectively. The
CNR results of the SPECT image with OSEM reconstruction using
the optimized NLM algorithm were 7.18%, 3.15%, 5.28%, and 1.21%
ptimal smoothing factor of 0.020 based on the OSEM reconstruction method and the



Fig. 6. Plot of the natural image quality evaluator (NIQE) corresponding to the NLM noise reduction algorithmwith the optimal smoothing factor of 0.020 and conventional filtering
methods in the brain SPECT image using (a) FBP and (b) OSEM reconstructions.
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higher than those of the original image, median filter, Gaussian
filter, and Wiener filter, respectively.

In this study, the COV and CNR results of the optimized NLM
noise reduction algorithm in the brain SPECT phantom image using
the FBP and OSEM reconstruction methods improved by approxi-
mately 66.94 and 8.00%, respectively, compared to the original
image. Although COV and CNR are the parameters that can analyze
the noise level more accurately, it is difficult to evaluate the blur-
ring effect in SPECT images. Reducing noise in brain SPECT images
due to the use of a small number of gamma-ray photons is a key
point in nuclear medicine, but the ability to enhance or preserve
edge regions is also important. Kim et al. emphasized the impor-
tance of simultaneously improving noise and blurring in gamma
camera images and analyzed the results using the intensity profile
[16]. However, because the profile has limitations in quantitatively
observing the noise and blurring distribution, no-reference-based
image quality evaluation has been widely used in recent years.
Mittal et al. proposed a no-reference evaluation model that can
analyze completely blind image quality, and the opinion-unaware
natural image quality evaluator (NIQE) evaluation parameter is
being applied in various ways for complex image quality evaluation
in the medical imaging field [17]. In this study, the NIQE evaluation
parameter was used and compared with conventional methods to
observe the overall quality improvement of the NLM noise reduc-
tion algorithm in brain SPECT images. Fig. 6 (a) and (b) are graphs of
the NIQE results obtained by applying the noise reduction method
to brain SPECT images based on the FBP and OSEM reconstruction
methods, respectively. The NIQE values of the original image, me-
dian filter, Gaussian filter, Wiener filter, and optimized NLM algo-
rithm in the acquired SPECT images using FBP reconstruction were
derived as 18.80, 18.91, 19.95, 19.35, and 18.70, respectively.
Furthermore, the NIQE values of the original image, median filter,
Gaussian filter, Wiener filter, and optimized NLM algorithm in the
acquired SPECT images using OSEM reconstruction were derived as
18.91,19.01, 20.17,19.55, and 18.78, respectively. In the results of the
FBP and OSEM reconstruction methods, the NIQE value of the
SPECT image to which the NLM noise reduction algorithm was
applied was superior to that of the original image. Based on the
NIQE results, the NLM noise reduction algorithm applied with the
optimized smoothing factor was expected to reduce the noise level
while preserving the edge area in the brain SPECT image asmuch as
possible.

In the future, we intend to study the applicability of noise
reduction algorithms based on various reconstructionmethods that
can be used when acquiring brain SPECT images. In the FBP
reconstruction method, the image characteristics change depend-
ing on the filter used. In the iterative reconstruction method, the
image quality changes based on the number of iterations or subsets.
When acquiring brain SPECT images, the parameters of the NLM
noise reduction algorithm optimized according to the reconstruc-
tionmethod are derived and the characteristics are analyzed so that
various applications in the field of nuclear medicine are possible. In
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addition, we intend to further consider improving the image pro-
cessing speed, which is the main problem of NLM approach.

Deep learning or machine learning techniques are actively used
in medical image denoising algorithms [18e20]. In photoacoustic
images, artificial intelligence technology using various learning
structures is used as a noise reduction method [18], and in partic-
ular, the usefulness of convolutional neural networks is being
proven inmany fields [19]. Recently, the possibility of application in
myocardial perfusion imaging has improved as Olia et al. proposed
a deep learning framework for noise removal in SPECT images with
low dose applied [20]. In addition, deep learning technology is
widely used in bone age estimation using X-ray images, fields using
magnetic resonance imaging, prediction of Parkinson's disease
progression, and metal artifact reduction in dental computed to-
mography [21e24]. In the future, these artificial intelligence tech-
nologies are expected to be fused with noise reduction algorithms
and applied in various methods.

4. Conclusion

This study demonstrates the usefulness of the NLM noise
reduction algorithm for brain SPECT images based on various
reconstructionmethods. We hope the proposed NLM algorithm can
be used more effectively in SPECT images with relatively high noise
levels than in other medical images.
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