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Purpose: Nonlocal mean (NLM) filtering proved to be an effective tool for noise reduction in natural
and medical imaging. The technique relies on existing redundant information in the input image to
discriminate the genuine signal from noise. However, due to the prohibitively long computation time,
the search for finding similar information is confined by a predefined search window, which may
hamper the performance of this filter. In this work, a spatially guided non local mean (SG-NLM)
approach was proposed to overcome this issue. The proposed method was evaluated on whole-body
positron emission tomography images presenting with high noise levels, which adversely affect
lesion detectability and quantitative accuracy.
Methods: In the SG-NLM method, as opposed to the conventional NLM method, where a prede-
fined search window is defined to confine exhaustive search for finding similar patterns, the informa-
tion about similar patterns is extracted from the clustered version (created based on signal intensity
levels) of the input image as well as information about prominent edges. The performance of the SG-
NLM was evaluated against post-reconstruction NLM, Gaussian, bilateral and BayesShrink Wavelet
denoising approaches. A digital phantom containing three small inserts mimicking lesions in the
lung, experimental study using the Jaszczak phantom and whole-body PET/CT clinical studies were
utilized to assess the performance of abovementioned denoising approaches.
Results: The SG-NLM method led to a signal-to-noise (SNR) increase from 21.3 (unfiltered PET
image) to 30.1 in computer simulations of small lesions while the NLM mean filer resulted in an
SNR of 29.4 (P < 0.05). The experimental Jaszczak phantom study demonstrated that the contrast-
to-noise ratio (CNR) increased from 11.3 when using the Gaussian filter to 18.6 and 19.5 when using
NLM and SG-NLM filters (P < 0.05), respectively. The superior performance of the SG-NLM
approach was confirmed by clinical studies where the bias in malignant lesions decreased to
�2.3 � 1.1% compared to �11.7 � 2.4 and �2.9 � 1.1 achieved using the Gaussian and NLM
methods (P < 0.05), respectively.
Conclusions: The proposed SG-NLM achieves promising compromise between noise reduction and
signal preservation compared to the conventional NLM method. The superior performance of the
SG-NLM method was accomplished without adding extra burden to the computational complexity of
the conventional NLM filter, which makes it attractive for denoising PET images. © 2020 American
Association of Physicists in Medicine [https://doi.org/10.1002/mp.14024]
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1. INTRODUCTION

Positron emission tomography (PET) provides valuable infor-
mation pertinent to clinical diagnosis of a number of malig-
nant diseases as well as staging and monitoring response to
treatment. However, the clinical value of PET is hampered by
the relatively low spatial resolution and high noise levels.
These factors potentially skew the task of lesion detectability
as well as quantitative assessment image-derived PET met-
rics.1 Statistical PET reconstruction approaches, such as max-
imum likelihood-expectation maximization (MLEM), enable

modeling of the underlying physical degradation factors to
partially compensate for resolution loss and poor photon
detection statistics. Nevertheless, these approaches suffer
from slow convergence and noise amplification at higher
number of iterations as image reconstruction is an inherently
ill-posed problem.2

A common strategy used to reduce noise level in PET
images is to employ post-reconstruction smoothing filters to
enhance the ratio of the PET signal to the unwanted interfer-
ence, referred to as signal-to-noise ratio (SNR).3,4 Noise
reduction, performed either post-reconstruction or embedded
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within the reconstruction process, tends to encourage homo-
geneity of intensities within a neighborhood intended to sup-
press unwanted noise-induced intensity fluctuations.5,6 To
discriminate unwanted noise-induced intensity variation from
meaningful signals, such as organ or lesion boundaries, edge-
preserving smoothing approaches were proposed to enhance
the SNR while causing minimum bias in quantification of tra-
cer uptake. Edge-preserving filters can be implemented in the
transform domain, for example, wavelet- and curvelet-based
filters,7,8 in spatial domain, for example, bilateral filter,9,10 or
using hybrid dual-domain approaches.11,12 These approaches
enable reducing noise while preserving the prominent signal
from meaningful structures by penalizing the smoothing
power considering the gradient of edges. Complementary
information that can be derived from anatomical images on
hybrid imaging systems, such as PET/computed tomography
(CT) and PET/magnetic resonance imaging (MRI), can
potentially assist edge-preserving denoising approaches to
distinguish genuine edges from factitious noise-induced fluc-
tuations. However, the PET signals reflecting the underlying
biological function of tissues, do not always coincide with
the anatomical boundaries that can be extracted from CT or
MR images, which might mislead edge-preserving
approaches.13,14

Most edge-preserving techniques, such as bilateral filter-
ing, rely only on neighboring voxels and are thus unable to
catch nonlocal similarities existing throughout the image. As
PET images suffer from low spatial resolution, these methods
consider only the local information as the cause of blurring
and structure loss due to the deficiency of information within
a small neighborhood. In this regard, the nonlocal mean
(NLM) method15 proved to be efficient for noise reduction of
low SNR images with the capability of preserving underlying
structures by exploring nonlocal areas to extract similar infor-
mation.14

The NLM method has been utilized for noise reduction in
PET images with some modifications to enhance its overall
performance or to adapt it for specific applications owing to
its superior performance in preserving the underlying struc-
tures. In dynamic PET imaging where short acquisition time
results in high noise levels, NLM was employed for noise
reduction with modifications to account for temporal neigh-
bor patches from different time frames.16 The NLM denois-
ing technique was also used within the PET image
reconstruction process (in the form of patch-based denoising)
to avoid noise propagation.17 Similarity measurement
between patches of voxels in PET images, when the NLM
method is applied, can be extended to include anatomical
images to increase the robustness and accuracy of the mea-
surements.14

In principle, the NLM method explores nonlocal areas to
find/extract redundant information, such as repeated patterns
or prolonged edges, thereby enabling effective noise and sig-
nal discrimination. Ideally, the NLM method should scruti-
nize the entire image searching for similar patches of voxels;
however, this approach would be prohibitively computation-
ally expensive. This issue is particularly severe when the

NLM is applied on three-dimensional (3D) images. To
address this issue, a search window in the vicinity of the tar-
get voxel is defined to confine the process of redundant infor-
mation extraction to a small subimage area. This approach
may hamper the performance of the NLM method as a simi-
lar pattern and information residing outside the search win-
dow cannot be exploited for effective noise removal.18,19

The objective of this work was to propose a solution to
this hurdle to enable efficient implementation of the NLM
algorithm, particularly in 3D PET imaging. The proposed
approach exploits a clustered version of the original image
(based on different intensity levels and prominent edges) to
guide the NLM method in finding similar patterns without
adding to the overall computational burden of the method.20

A similar idea has been applied in the quest of a joint solution
for segmentation, smoothing and partial volume correction of
PET images where the information extracted from segmented
PET images is propagated through denoising and partial vol-
ume reduction.19 In this work, we focus on the denoising of
whole-body PET images by modification of the NLM
method to make it particularly sensitive to meaningful small
structures and edges using information residing in the clus-
tered image. Moreover, an automated noise variance estima-
tor was employed for efficient parameter setting in the NLM
method based on the noise in the input image to establish an
optimal compromise between noise removal and signal
preservation.

The proposed approach was evaluated against the conven-
tional NLM method using computer simulations, experimen-
tal phantom and clinical whole-body PET/CT studies.
Moreover, the bilateral and Gaussian filters (in spatial
domain) and BayesShrink wavelet method (in the transform
domain) were included in the evaluation for the sake of com-
pleteness.

2. MATERIALS AND METHODS

For effective denoising, the free parameters governing the
degree of noise removal should be adjusted according to the
actual noise level present in PET images. A rough estimate of
noise level in PET images would confine the choice of free
parameters setting for each of the abovementioned filters. To
this end, a novel noise estimator from a single image based
on Bayesian maximum a posteriori probability (MAP) infer-
ence was used in order to infer the noise level function from
PET images.21 Once the noise level in PET images is esti-
mated, free parameters of the filters are adjusted accordingly
to enhance the quality of noise reduction as well as signal
preservation. In the following, we elaborate on the algorithm
used for noise variance estimation and the different denoising
approaches evaluated in this work.

2.A. Noise variance estimation

In this work, we exploited the method developed in Ref.
[21] to estimate the upper bound of the noise level from noisy
PET images independently without any prior knowledge
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about the noise content. This model is based on generating a
piecewise smooth version of the original noisy image,
thereby the noise level correlation with respect to the signal
intensity is established through a Bayesian MAP framework
to estimate the noise variance.

The noise level estimation would be fairly straightforward
provided the intensity of the underlying noise-free image is
constant. Even though this is very unlikely in practice, a simi-
lar concept can be realized by dividing the input noisy image
into piecewise smooth regions. Image voxels are grouped into
different regions according to intensity similarity and spatial
connectivity using a K-means clustering method.22 Image
clustering was modified to generate patches of voxels having
similar size where each one is represented by a mean intensity
and variance to form for all segments. The estimation of noise
variance can be simply performed by fitting a function to all
sample points of variance. However, since the estimates of
variance samples for each segment are noisy, the factitious
outlier samples could bias the estimation of the noise func-
tion. Therefore, a probabilistic inference framework was
developed to involve all sample points while constraining the
variance estimate to be less vulnerable to the outliers. A
detailed description of the algorithm and optimization pro-
cess is presented in the Supplemental Material and in Ref.
[21].

2.B. Nonlocal mean (NLM) filter

The nonlocal mean filter relies on the fact that natural
images usually contain redundant information in the form of
similar or repeated patterns, elongated edges, and symmetri-
cal structures. The NLM filter takes advantage of the existing
redundant information for noise suppression through finding
similar patches of the image representing similar patterns or
intensity distributions. By taking the average of the selected
patches, the underlying pattern would be preserved while
uncorrelated noise component will be reduced. Convention-
ally, for each voxel, the averaging process is weighted based
on similarity between the patches of the image centered at the
target voxel and a number of selected similar patches. The
search for finding similar patches plays a determining role in
the performance of the NLM filters, which is normally con-
ducted within a predefined spatial constraint referred to as
search window. This search window is normally defined as a
fixed subdimension of the image to limit the search space
where an exhaustive search throughout the image could be
computationally demanding. However, to enhance the perfor-
mance of the NLM filter, the whole image was explored at
the cost of higher computation burden.15 The mathematical
formulation of the conventional NLM method is provided in
Supplemental Material.

2.C. Spatially guided NLM (SG-NLM) filter

The SG-NLM approach shares the same core of the con-
ventional NLM filter formulated in eq. (4) of the Supplemen-
tal Material. The major modification performed is through

the selection of v pj
� �

patches to be contrasted with the target
patch v pið Þ and defining the similarity weights w i; jð Þ. In the
conventional NLM approach, a fixed-size window centered at
pi (called search window) is defined to confine the exhaustive
search to find the similar patches v pj

� �
: The major limitation

associated with this approach is that the window is confined
to the vicinity of the target voxel (pi) with limited predefined
size. For the sake of computation time, the search window
cannot be large enough to cover the weighty part of the image
(Fig. 1 upper panel). Hence, many similar patches located
outside of the search window would be overlooked, thereby
impacting the quality of image filtering. This issue would be
much more profound in 3D images (for instance PET images)
where many similar patches may reside in far slices.

In the SG-NLM approach, the search window is replaced
with a smart approach to detect and select similar patches.
Firstly, PET images are converted to a piecewise smooth ver-
sion where voxels with similar intensity values (within a vari-
ability threshold) are assigned similar labels. This “clustered”
image is generated using the K-means clustering algorithm,
also employed for noise variance estimation in the previous
Section 2.A. This method takes continuously valued PET
images (in SUV unit) as input to generate clustered images
according to a certain number of intensity levels. In this
work, six intensity levels (including background air) resulted
in superior performance compared to other intensity levels
considering the SNR and bias in the filtered images. An
example of a clustered image generated from the PET image
in Fig. 1(c) is shown in Fig. 1(d). It should be noted that the
K-means clustering algorithm takes the local connectivity
(among the voxels) into account, yet the voxels belonging to
a common cluster (or label) are not necessarily connected
throughout the 3D image. Hence, the labels in the clustered
image represent the SUV level in the original PET image and
also the piece-wise intensity variation across the voxels.
Moreover, to emphasize on prominent edges, an additional
label was added to the clustered image which stands for sig-
nificant and sharp edges (corresponding to e.g. organ/lesion
boundaries) as illustrated separately in Fig. 1(e). To this end,
the Sobel edge detection approach23 was employed to gener-
ate a binary map of the prominent edges in the PET image.
The edge map is displayed separately for the sake of better
visualization in Fig. 1(e).

To filter a voxel in the original PET image [Fig. 1(c)] given
the clustered image, the cluster label that the target voxel (or
target patch) belongs to is determined. Subsequently, rather
than running an exhaustive search within the search window
to find patches similar to the target patch (as is performed in
conventional NLM), the patch search is solely performed
within the area with the same cluster label. The rationale
behind this strategy is that patches (or voxels) belonging to
the same cluster number are very likely to share the same
structures/patterns, which enhances the effectiveness of the
denoising process through exploiting correlated information
(and non-correlated noise behavior) in the image patches. In
other words, finding similar patches in other areas with dif-
ferent cluster numbers is very unlikely, if not impossible, due
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to the large intensity or structural differences. As such, these
areas are excluded from the search process to find similar
patches. Moreover, this allows exploring the whole 3D image.
For, instance, if the target voxel resides on a prominent edge,
such as the example in Figs. 1(c) to 1(f), the search for find-
ing similar patches resembling the target patch (red box in
Fig. 1) is only conducted on the edge map throughout the 3D
image.

The search to find similar patches in the SG-NLM
algorithm is performed as follows. First, given the clus-
tered image, the voxels belonging to the same cluster num-
ber are stored in an array in a chronological order
according to their location in the PET image. Subse-
quently, for the target voxel (or patch to be filtered), the
cluster number is determined and based on which N (here
200) patches are randomly selected from the array corre-
sponding to the same cluster number. It should be empha-
sized that the priority is given to patches closer to the
target voxel to take advantage of the information lying in
the near neighborhood, such as repeated patterns or elon-
gated edges. To this end, one-fourth of the samples are
taken from patches within 3 9 3 9 3 cm neighborhood of
the target voxel. The randomly selected patches are

inserted into supplemental eq. (4) to perform the main pro-
cess of denoising. This approach allows exploring the
entire 3D image to detect similar patches without adding
to the computational complexity of the algorithm. In the
SG-NLM approach, instead of setting the search window,
the number of patches to be selected from the entire image
is determined by the user. In this work, a patch number of
200 was selected for the SG-NLM filter with the intention
of rendering the computational time equivalent to a search
window of 16 9 16 voxels in the conventional NLM algo-
rithm. Given the patches selected by this approach, the rest
of the SG-NLM approach is similar to the conventional
NLM approach.

2.D. BayesShrink wavelet filter

Image denoising by means of the wavelet transform
attempts to identify and remove the noise present in the image
based on the frequency content of the image. In principle, the
image is first transformed into the wavelet domain and then
nonlinear thresholding is applied on the frequency content of
the image. Finally, the remaining frequency coefficients are
transformed back into the spatial domain via the inverse

FIG. 1. The procedure of finding similar patches in the conventional nonlocal mean and spatially guided NLM filters. (a) Search window and the entire corre-
sponding patches to be examined for similarity. (b) Similar patches in the search window. (c) Target voxel in the original positron emission tomography (PET)
image. (d) Clustered image, (e) Edge map and (f) Original PET image with similar patches. [Color figure can be viewed at wileyonlinelibrary.com]
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wavelet transform. The efficiency of the wavelet denoising
approaches depends to a great extent on the choice of thresh-
olding parameters. The noise present in PET images can be
modeled as an additive function to the original noiseless sig-
nal according to Eq. (1).

Im xð Þ ¼ Y xð Þ þ N xð Þ (1)

where Im(x) is the observed image, which consists of the
uncorrupted part Y(x) plus the noise function N(x). The
wavelet transform operator decomposes an image into diag-
onal, horizontal and vertical subbands. The BayesShrink
method (BW) assumes a generalized Gaussian distribution
for image coefficients at each subband governed by stan-
dard deviation, wherein the threshold to discriminate noise
is inversely proportional to the standard deviation of the
noise in the high frequency subband.24 A detailed descrip-
tion of the BayesShrink method is provided in Supplemen-
tal Material.

2.E. Simulation, experimental and clinical studies

The proposed SG-NLM approach was investigated against
the conventional NLM, BayesShrink wavelet as well as bilat-
eral and conventional post-reconstruction Gaussian filters.
The evaluation of the abovementioned approaches was car-
ried out using computer simulations, experimental phantom
and clinical studies.

2.E.1. Computer simulations

A 3D digital thorax phantom containing three small
lesions (10 9 10 9 10 mm) was simulated in a matrix of
256 9 256 9 100 with a voxel size of 2.5 mm3. This phan-
tom was used to model an 18F-FDG PET/CT thoracic scan
(Fig. S1). Attenuation coefficients of 0.1 and 0.03 cm�1 were
assigned to soft tissue and lung regions, respectively. Two out
of the three tumors (T1 and T3) were located in the lung with
tumor to background contrast ratios of 4:1 (T1) and 2:1 (T3)
whereas the other tumor (T2) was located in soft tissue with a
contrast ratio of 3:1. In the computer simulation study, only
photon attenuation was taken into account in a 2D image
reconstruction framework. To model the finite resolution of
the PET scanner, a Gaussian filter with a full-width at
half-maximum (FWHM) of 6 mm was applied to blur the
projections of the original phantom. Noise simulation was
performed by adding twenty levels of Poisson noise to the
projection data. The total number of counts was adjusted to
generate a noise variance ranging from 0.001 to 0.2 in the
lung region. In the projection space, the total number of
counts is around 1 M per slice. The Michigan image recon-
struction toolbox (MIRT) implemented in Mathwork’s Mat-
lab enviroment* was employed to perform image
reconstruction using the ordered subset-expectation maxi-
mization (OSEM) algorithm using four iterations and eight
subsets.

2.E.2. Experimental study

The physical Jaszczak phantom was exploited to perform
experimental phantom studies. This phantom contains six
spheres with diameters of 11.89, 14.43, 17.69, 21.79, 26.82
and 33.27 mm surrounded by a cylinder with 100 mm
radius and 180 mm length referred to as background med-
ium. The six spheres and the background medium were
filled with activity concentration of 18.4 kBq/ml and
3.6 kBq/ml, respectively, to render a signal to background
contrast ratio of 5:1. In total, 22 MBq was inserted into the
Jaszczak phantom. The scan of the phantom was performed
on a Biograph mCT PET/CT (Siemens Medical Solutions
USA, Knoxville, TN, USA) in one session for 30 min. The
raw PET data were saved in list-mode format, thereby
enabling reconstruction of the scan at different time frames,
specifically 10 s, 30 s, 1 min, 3 min, 10 min, and 30 min.
Hence, six datasets of the phantom were obtained containing
six different noise levels. The list-mode PET data were
reconstructed using OSEM algorithm with four iterations
and eight subsets using the e7 tool (Siemens Healthcare,
Knoxville, TN) with a matrix of 400 9 400 9 45 voxels
and size 2 9 2 9 5 mm. CT-based scatter and attenuation
correction were also performed.

2.E.3. Clinical studies

The clinical evaluation was carried out using 15 clinical
whole-body 18F-FDG PET/CT studies (mean age �
SD = 62 � 6 yr and mean weight � SD = 67.5 � 8 kg)
performed on a Biograph 64 True Point scanner (Siemens
Healthcare, Erlangen, Germany). The patients were referred
for PET/CT scans for staging of head and neck malignancies.
An activity of 371 � 23 MBq (average � SD) was adminis-
trated prior to PET examination using 5-6 bed positions with
a total acquisition time of 15–18 min (3 min per bed posi-
tion). Positron emission tomography /CT scans were recon-
structed using the e7 tool (Siemens Healthcare, Knoxville,
TN) by means of the ordinary Poisson ordered subset-expec-
tation maximization (OP-OSEM) iterative algorithm with
default reconstruction parameters used in the clinic (four iter-
ations and eight subsets). Gaussian post-reconstruction filter-
ing used by default was deactivated to acquire original PET
images. Positron emission tomography images were recon-
structed using a matrix of 168 9 168 9 205 voxels with a
voxel dimension of 4 9 4 9 2.5 mm3.

The performance of the different denoising approaches
was examined on hot spots and malignant lesions present in
the 15 patient studies. To this end, 40 volumes of interests
(VOIs) were drawn on hot spots and malignant lesions with
no more than 4 VOIs defined on a single patient. Most of the
lesions were located in the head and neck region (28 VOIs)
and the rest in the liver (7 VOIs) and lungs (5 VOIs). The size
of VOIs drawn on the lesions ranged from 0.4 to 1.9 ml. To
measure the tumor to background contrast, the corresponding
background VOIs (with the same size) were drawn on the
same regions where the lesions were located.*http://web.eecs.umich.edu/~fessler/code/index.html
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Though the bulk of quantitative evaluation was conducted
on lesion VOIs (small subset of images), 40 VOIs in total cor-
responding to 40 lesions (including their respective back-
grounds) were assessed in this work. More importantly, these
lesions were located in different body regions (lungs, liver
and head and neck) with various lesion-to-background con-
trasts. Moreover, the lung region was segmented from CT
images of 15 patients to extract the mean and standard devia-
tion of tracer uptake within the lung region before and after
applying the different denoising techniques.

2.F. Quantitative analysis

The proposed SG-NLM approach was compared to con-
ventional NLM, BayesShrink Wavelet (BW), bilateral9 and
Gaussian post-reconstruction denoising approaches using the
simulation, experimental and clinical studies. In all studies,
prior to applying the denoising approaches, the noise vari-
ance estimator was employed to assess the levels of noise pre-
sent in the image. Given the estimate of noise variance, the
free parameters of denoising approaches were accordingly
adjusted to optimize the trade-off between noise removal and
signal loss.

For Gaussian filtering, a 3D kernel filter was applied in
all studies, however, the kernel range varied from 2 to
10 mm FWHM for the computer simulation and experi-
mental phantom studies depending on the existing noise
levels in the images. For the clinical studies, the Gaussian
kernel varied from 4 of 8 mm FWHM. The bilateral filter-
ing, composed of two kernels in intensity and spatial
domains in the form of Gaussian shapes25 was applied
slice by slice in 2D mode. Two Gaussian standard devia-
tions, namely rIn and rSp, regulate the intensity and spatial
kernels, respectively. For the spatial kernel, the standard
deviation was fixed at 3.8 according to the recommenda-
tions in Ref. [9], whereas for the intensity kernel, the stan-
dard deviation (rIn) was automatically adjusted according
to the output of the noise variance estimator. The range of
rIn varied from 0.1 to 0.5 considering images normalized
to one (intensity range of 0–1).

In the computer simulation and experimental phantom
studies, the contrast-to-noise ratio (CNR) was measured for
the tumors in the thorax phantom as well as the hot spheres
in the Jaszczak phantom before (OSEM) and after applying
the different denoising approaches using Eq. (2).26

CNR ¼ ltarget � lbackground
�� ��ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

r2targetþr2bakcground

�� ��
2

r (2)

ltarget and lbackground indicate the mean values measured in
the VOIs drawn on the target and background, respectively.
r2target and r2background denote the corresponding standard devi-
ations in the VOIs in the target and background, respectively.
The VOIs on the targets were drawn according to the shape
of the lesions or spheres and the same VOIs were placed in
the background medium. Furthermore, the normalized bias

and signal-to-noise ratio (SNR) were estimated for the tumors
and hot spheres using Eqs. (3) and (4) (described in Ref.
[14]) before and after applying the different denoising
approaches.

Bias %ð Þ ¼ 100
Nr

XNr
i¼1

ltargeti � Tv
� ��� ��

Tv
(3)

SNR ¼
1
Nr

PNr
i¼1 l targetð Þi � l backgroundð Þi

� �
1
Tb

PTb
k¼1 rk

(4)

Nr indicates the number of noise realizations and Tv denotes
the ground-truth intensity value within the VOIs. rk indicates
the ensemble standard deviation measured over the entire
noise realizations for each voxel (k) in the background VOI.
The total number of voxels belonging to a VOI is indicated
by Tb. Since the ground-truth intensity values within the
VOIs are known in computer simulation and physical phan-
tom studies, Eq. (3) was used for bias measurement. How-
ever, in the clinical studies, the bias resulting from the
denoising approaches was measured against the original
noisy (unfiltered) PET images using Eq. (5) owing to the
absence of ground-truth uptake values.

Bias %ð Þ ¼ lVOIdenoised � lVOInoisy
lVOInoisy

(5)

In addition, Eq. (6) was employed to calculate the SNR in
clinical studies (SNRp), where ri denotes the standard devia-
tion within the background VOI and NL stands for the num-
ber of lesions/VOIs across all patients.

SNRp ¼ 1
NL

XNL
i¼1

l targetð Þi � l backgroundð Þi
� �

ri
(6)

In Eq. (2), the difference between the target signal and
background is normalized to the standard deviation of the tar-
get and background VOIs. Conversely, the SNR for phantom
and simulation studies [Eq. (4)] was calculated using the dif-
ference between the target signal and background which is
normalized to the ensemble standard deviation of each voxel
across noise realizations ðrkÞ in the background VOI. Owing
to the absence of different noise realizations in the clinical
studies for each individual lesion/VOI, SNRp [Eq. (6)] was
calculated using the standard deviation computed over the
background VOI.

The differences between the NLM and SG-NLM denois-
ing approaches were investigated using the paired t-test
method considering a P < 0.05 as statistically significant dif-
ference.

3. RESULTS

3.A. Computer simulations

Figure 2 illustrates a representative slice of the thorax
phantom containing the three tumors before (OSEM) and
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after applying the different denoising approaches. Residual
images are also presented to give a qualitative assessment of
noise reduction and signal loss achieved by each of the
denoising approaches. Moreover, the profiles plotted across
the three tumors are displayed in Fig. S1 demonstrating the
level of signal preservation and noise smoothing. Visual
inspection revealed remarkable signal loss and blurring of
structures when applying the Gaussian filter. In contrast to
the Gaussian filter, the BW filter led to relatively low signal
loss, yet very poor noise removal. The bilateral filter exhib-
ited an intermediate performance resulting in a balanced reso-
lution loss and noise reduction. In this regard, the NLM and
SG-NLM algorithms showed the best results achieving
proper noise reduction and minimal blurring, In particular,
SG-NLM resulted in lower signal loss.

The results of quantitative evaluation presented in Table I
confirm the qualitative assessment. The estimation of CNR,
bias and SNR for the VOIs defined on the three tumors
demonstrated the overall superior performance of the pro-
posed SG-NLM approach. As expected, the Gaussian filter
led to the largest bias (up to 33.2%) in contrast to the BW and

SG-NLM approaches, which achieved a bias of 25.8% and
25.9%, respectively. Despite the low signal loss (bias)
achieved by the BW approach, this method led to poor SNR
enhancement, from 19.5 in OSEM image to 24.4 for T3,
while the Gaussian and SG-NLM filters achieved SNRs of
25.1 and 29.0, respectively. The differences between the
results obtained by NLM and SG-NLM were all statistically
significant except for the CNR of T1 (P-value of 0.07).

3.B. Experimental phantom studies

Figure 3 illustrates OSEM reconstructions of the Jaszczak
phantom with acquisition times varying between 10 s and
30 min before (OSEM) and after applying the different denois-
ing approaches. The different noise levels were realized
through reconstruction of the 30 min list-mode PET data at
different time points. Image reconstruction was performed for
all acquisition times using the same parameters, including ran-
dom, attenuation and scatter corrections. In agreement with
the results of the thorax phantom, the SG-NLM approach
resulted in overall less signal and resolution loss and effective

(a)

(b) (c) (d) (e) (f)

FIG. 2. Ordered subset-expectation maximization (OSEM) reconstruction of the digital thorax phantom before (a), and after noise filtering using the Gaussian
(b), bilateral (c), BayesShrink method (d), nonlocal mean (E), and spatially guided NLM (F) approaches together with the corresponding residual images (OSEM
— filtered image). The OSEM image displays the noise realization which led to a noise variance of 1.1.

TABLE I. Quantitative bias, contrast-to-noise ratio (CNR) and signal-to-noise ratio (SNR) estimated for the three tumors in the digital thorax phantom.

Tumor OSEM Gaussian Bilateral BW NLM SG-NLM P-value

T1

Bias (%) 24.3 33.2 27.6 25.8 26.8 25.9 0.03

SNR 21.4 26.9 27.4 25.8 29.1 29.9 0.04

CNR 6.4 6.8 8.6 9.2 14.4 15.1 0.07

T2

Bias (%) 21.2 30.7 26.8 23.5 24.6 23.6 0.02

SNR 23.0 28.9 29.7 27.2 30.9 31.6 0.04

CNR 5.3 8.8 10.6 11.1 18.7 19.8 0.03

T3

Bias (%) 16.3 25.6 22.7 19.4 20.6 19.4 0.02

SNR 19.5 25.1 26.6 24.4 28.3 29.0 0.04

CNR 7.2 13.5 16.8 17.0 25.1 26.6 0.03

BW, BayesShrink method; NLM, nonlocal mean; OSEM, ordered subset-expectation maximization; SG-NLM, spatially guided NLM.
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noise reduction. In this regard, BW filtering exhibited poor
noise removal performance whereas Gaussian filtering led to
remarkable signal loss as illustrated in the residual images.

The horizontal profiles plotted over the smallest and largest
spheres of the Jaszczak phantom (Fig. 4) demonstrated consid-
erably less resolution and signal loss when using the SG-NLM
filter. This difference is more evident in the subplot for the
10 s PET image since other methods led to noticeable signal
and structure loss, except the BW method at the cost of poor
denoising performance. Since the mean activity concentration
inside the six spheres and the background of the Jaszczak
phantom were known, Eqs. (2), (3), and (4) were employed to
estimate the CNR, bias and SNR for the six spheres in the
Jaszczak phantom reported in Table II. The largest bias was
observed in the smallest sphere (VOI 1 in Table II) when using
Gaussian filtering (up to 35%) compared to 31.2% achieved by

the SG-NLM approach. It should be noted that the bias was
measured against the known ground-truth activity concentra-
tions in the phantom while the OSEM image already contained
29.2% bias in the small sphere. Considering the SNR metric,
SG-NLM exhibited superior performance for all VOIs fol-
lowed by the conventional NLM approach. In contrast, BW
and Gaussian filtering led to poor SNRs compared to the other
approaches. The differences between the results obtained by
NLM and SG-NLM were all statistically significant, except for
the CNR of VOIs 2 and 6 (P = 0.06 and 0.08, respectively)
and SNR of VOI 6 (P = 0.05).

3.C. Clinical studies

Representative sagittal views of clinical PET/CT images
of a patient presenting with a lesion in the neck and non-

FIG. 3. The physical Jaszczack phantom reconstructed for different acquisition times before ordered subset-expectation maximization (OSEM) and after applying
different the various denoising approaches together with corresponding residual images (OSEM— filtered image).
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small lung cancer are depicted in Fig. 5. Visual inspection
revealed efficient noise reduction when using Gaussian, bilat-
eral, NLM and SG-NLM approaches. In the image filtered
using the BW method [Fig. 5(d)], noticeably higher noise
level is seen compared to the other approaches. It should be
noted that the OSEM image [Fig. 5(a)] was not processed by
any post-reconstruction filter. Considering the residual
images, Gaussian and bilateral filters led to noticeable loss of
signal and structures compared with the residual of the BW
and SG-NLM approaches.

The profile plotted on the lesions located in the neck and
lung demonstrate effective noise reduction when using the
SG-NLM filter while Gaussian filtering resulted in substan-
tial contrast and signal loss (Fig. 6). The NLM filter exhibited
superior performance compared to the Gaussian and bilateral
approaches in terms of signal preservation and to the BW
approach in terms of noise reduction. Nevertheless, the NLM
approach lagged behind the SG-NLM resulting in larger loss
of signal and contrast. The quantitative evaluation reported in
Table III confirmed the superior performance of the SG-
NLM algorithm, leading to overall bias of �2.3% compared
to the original noisy image (OSEM). The NLM and BW
approaches also demonstrated relatively low bias (�2.9%);
however, BW led to poor SNR (27.8) compared to what is
achieved by NLM (30.3) and SG-NLM (31.3) approaches,
respectively. The differences between the results obtained by

NLM and SG-NLM were all statistically significant, except
for the lung (P = 0.08).

The impact of using the noise variance estimator to set the
free parameters of the Gaussian, bilateral, NLM and SG-
NLM smoothing approaches was investigated against using a
predefined value (optimized for a broad range of noise levels)
on the lung tumor (T1) in the thorax phantom. Figure 7 com-
pares the bias (%) and SNR measured on T1 for the different
filters when predefined and variable parameters were used.
The deployment of the noise variance estimator improved
substantially the overall performance of denoising
approaches, considering the bias and SNR metrics for the
entire range of noise realizations (noise vari-
ance = 0.01 – 0.2).

4. DISCUSSION

The spatially guided nonlocal mean (SG-NLM) filter was
introduced in this work as a variant of the conventional NLM
filter, which is easy to implement, is computationally effi-
cient and is more effective in terms of noise reduction and
signal preservation. The major modification brought to the
conventional NLM is that the search window intended to
limit the exhaustive search for finding similar patches is
replaced with a searching scheme guided by the clustered ver-
sion of the original image to conduct an efficient search for

TABLE II. The bias, signal-to-noise ratio (SNR) and contrast-to-noise ratio (CNR) estimated for the six spheres of the Jaszczak phantom before (OSEM) and after
applying the different denoising approaches. VOIs 1 to 6 correspond to the smallest to the largest spheres in the Jaszczak phantom.

VOI OSEM Gaussian Bilateral BW NLM SG-NLM P-value

1

Bias (%) 29.2 35.4 33.3 31.5 32.0 31.2 0.03

SNR 20.2 25.1 26.0 25.8 27.9 28.7 0.04

CNR 5.9 6.3 8.8 8.9 12.9 13.8 0.04

2

Bias (%) 27.4 32.6 31.3 30.7 30.9 29.8 0.04

SNR 21.0 25.9 26.3 25.9 28.3 29.8 0.01

CNR 6.2 8.4 10.0 9.8 13.1 13.9 0.06

3

Bias (%) 25.2 30.7 28.6 28.8 28.1 29.1 0.02

SNR 21.7 26.4 27.8 26.6 29.1 30.0 0.02

CNR 8.2 11.3 15.1 15.2 17.8 18.8 0.03

4

Bias (%) 25.1 28.5 27.4 27.1 27.2 26.7 0.05

SNR 22.6 26.9 28.0 26.3 31.3 32.3 0.02

CNR 9.1 14.3 17.5 17.3 21.6 22.6 0.02

5

Bias (%) 24.3 27.0 26.2 25.4 25.9 25.0 0.04

SNR 23.0 27.3 28.4 27.1 31.4 32.2 0.04

CNR 8.2 14.1 17.7 18.3 22.1 22.9 0.06

6

Bias (%) 22.3 24.7 24.3 23.8 23.9 23.0 0.03

SNR 22.8 27.2 28.4 27.3 31.5 32.3 0.05

CNR 9.1 13.5 18.3 18.1 24.1 24.9 0.08

BW, BayesShrink method; NLM, nonlocal mean; OSEM, ordered subset-expectation maximization; SG-NLM, spatially guided NLM; VOI, volumes of interest.
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similar patches. The proposed approach offers two major
advantages: first, the information provided by the clustered
image would facilitate/optimize the process of patch search-
ing. Second, the whole image will be explored by this
approach, which makes it an attractive option for 3D PET
images where the repeated patterns (redundant information),
such as lesions or hot nodules, might be located in slices far
away from the target voxel.

The quantitative evaluation performed on the simulated
digital phantom, experimental Jaszczak phantom and whole-
body clinical PET/CT studies demonstrated the superior per-
formance of the SG-NLM approach against the conventional
NLM method. The SG-NLM approach led to enhanced SNR
as well as reduced bias compared to the NLM method for the
six spheres in the Jaszczak phantom and the lesions in the
clinical studies (p < 0.05). The same filter core, mathemati-
cally presented in eq. (4) of the Supplemental Material, and
parameters setting was employed in both SG-NLM and NLM
methods (only the search strategies to find similar patches
was different). Hence, the improvement brought by the SG-
NLM approach results from the effective search strategy to
find similar patches, where the redundant information in the
whole 3D PET image was exploited.

A number of commonly used filters were evaluated in
this work in an attempt to give broader and accurate view
over the overall performance of the SG-NLM approach. In
this regard, the bilateral and BW as well as conventional
post-reconstruction Gaussian filters were included in the
comparative evaluation. The conventional NLM method
outperformed the other approaches resulting in less struc-
tural loss and higher SNR. This issue was mentioned to
emphasize the superior performance of the NLM method
compared to other methods since in 2D or very small 3D
images, the performance of the NLM method would
approach SG-NLM owing to the fact that the search win-
dow in the NLM could cover a significant portion of the
image. As such, the information located outside the search
window may be negligible for effective denoising. In the
worst case scenario, the NLM and SG-NLM methods
would exhibit similar performance and remain superior to
the other denoising methods. It should be noted that the
smoothing weights w(i,j) in eq. (4) of the Supplemental
Material, which indicate the level of similarities between
patches of voxels, were determined from the median fil-
tered version of the input image for both the NLM and
SG-NLM methods to suppress the salt and pepper noise

FIG. 4. Horizontal profiles drawn on the smallest (11.89 mm) and largest (33.27 mm) spheres of the Jaszczak phantom reconstructed at different acquisition
times before (ordered subset-expectation maximization) and after applying the different denoising approaches. [Color figure can be viewed at wileyonlinelibra
ry.com]
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observed in OSEM reconstructed images and enhance the
robustness of the similarity measurement 14.

In principle, noise reduction methods rely on single or
multiple parameters to create a balance between the degree
of smoothness and preservation of the underlying struc-
tures. Most of the time, a set of predefined parameters may
not lead to a desirable outcome as the parameter determi-
nation should be in accordance with the existing noise
levels in the input image. To address this issue, the noise
variance estimator was employed to modify the filtering
parameters considering the level of noise in the input
image. Figure 7 demonstrated the benefits of using variable
(adaptive) parameters setting over the entire range of noise
realizations. However, in static PET imaging, the noise
levels would not vary dramatically from one study to
another and as such, the impact of using the noise variance
estimator would be limited. Nevertheless, in dynamic PET
studies where the existing noise level varies noticeably
from one acquisition frame to another, the adoption of vari-
able parameter setting using the noise variance estimator
would possibly result in homogenous noise removal across
the different frames.

As expected, the Gaussian filter resulted in noticeable res-
olution and signal loss since this method is not able to dis-
criminate genuine signal from noise-induced fluctuations. On
the other hand, BW led to relatively low bias compared to
Gaussian, bilateral and even conventional NLM methods, at
the cost of insufficient noise suppression, leading to poor
SNR in experimental phantom and clinical studies. Moreover,
the bilateral filter did not show any remarkable overshooting
and/or noise amplification since edge-preserving methods

might amplify the noise-induced pattern in the case of strong
noise signal. This phenomenon was observed in Fig. 3 for an
acquisition time of 10 s where the NLM and SG-NLM
approaches did not succeed to eliminate noise-driven patterns
inside the largest sphere, which were reflected in the filtered
images. The bilateral filter showed less sensitivity to noise-in-
duced structures at the cost of overall lower performance in
terms of SNR and bias.

The performance of SG-NLM and conventional NLM
methods was compared in terms of key image quality metrics,
such as SNR, CNR and bias without considering the process-
ing time and computational burden. The number of patches
in the SG-NLM method to be investigated for similarity was
set at 200, which is equivalent to a search window of
16 9 16 voxels in the NLM method in terms of computa-
tional time. Hence, the superior performance exhibited by the
SG-NLM filter was achieved without adding extra burden to
the computational complexity of the conventional NLM
method. Moreover, the SG-NLM filter reaches its peak per-
formance with a patch number of less than 150, which would
render this method about 20% faster than the NLM method.
It should be noted that a slight increase in the search window
of the NLM method, for instance from 16 9 16 to 22 9 22
voxels to explore a larger area, would increase the computa-
tional time by a factor of two.

In clinical practice, Gaussian filtering is conventionally
used in the clinic (including our institution) to diminish the
adverse impact of noise on qualitative interpretation of PET
images. However, this approach tends to oversmooth some
significant structures and skew quantitative analysis of PET
images. In this regard, Gaussian filtering is considered as

FIG. 5. Representative views of a patient positron emission tomography image with a small lesion in the neck and non-small lung cancer before (a) and after
applying the following denoising approaches: Gaussian (b), bilateral (c), BayesShrink method (d), nonlocal mean (e), and spatially guided NLM (f). The corre-
sponding residual images are also displayed.
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baseline based on which the performance of other techniques
was assessed with the aim of reducing signal loss (compared
to Gaussian filtering) and effectively diminishing unwanted
signal fluctuations. In this regard, the proposed SG-NLM
approach offers a better solution for denoising of PET images
compared to conventional Gaussian filtering. However, the
human visual system is capable of recognizing noise from the
underlying signals and in some situations noisy PET images
before denoising look more informative to human eyes
(Fig. 6). Moreover, some denoising techniques may result in
false lesion-like structures and/or artifacts which might

render the utility of these approaches in the clinic question-
able (similar cases might be visible in Fig. 6). It should be
noted that this is not always the case and in certain situations,
clinically significant structures reflecting the pathology might
be buried under noise and could be overlooked by the human
visual system. In such a situation, advanced denoising
approaches (such as the SG-NLM proposed in this work with
promising quantitative performance) could assist physicians
to handle these cases, though they might result in some
unwanted local signal alteration. A potential solution for this
issue is, similar to how potential issues with CT-based

FIG. 6. The vertical profiles through the lesion located on the left lung (a) and the horizontal profiles through the lesion located in the neck (b) before (ordered
subset-expectation maximization) and after applying the different denoising approaches. [Color figure can be viewed at wileyonlinelibrary.com]

TABLE III. Average SUV estimated in the lungs and lesions (standard deviation within the lung/lesion) together with the signal-to-noise ratio (SNR), contrast-to-
noise ratio (CNR) and quantification bias in terms of changes (%) (�standard deviation) against the original OSEM image for the VOIs drawn on the lesions in
clinical studies.

OSEM Gaussian Bilateral BW NLM SG-NLM P-value

CNR 12.1 � 3.6 14.2 � 3.5 18.2 � 3.9 17.3 � 4.0 22.0 � 4.1 23.1 � 4.0 <0.01

SNR 22.4 � 6.2 25.6 � 5.3 28.3 � 5.8 27.8 � 6.1 30.3 � 5.9 31.3 � 5.9 0.01

Average lesion SUV
(SD within the
lesion)

7.4 � 1.8 (1.4) 6.4 � 1.7 (1.0) 6.8 � 1.7 (0.8) 7.2 � 1.8 (0.9) 7.0 � 1.7 (0.6) 7.2 � 1.7 (0.6) 0.04

Average lung SUV
(SD within the lung)

0.28 � 0.4 (0.096) 0.21 � 0.3 (0.063) 0.21 � 0.3 (0.057) 0.22 � 0.3 (0.062) 0.24 � 0.3 (0.048) 0.25 � 0.3 (0.046) 0.08

Change (%) — �11.7 � 2.4 -7.1 � 1.8 �2.4 � 1.9 �2.9 � 1.1 �2.3 � 1.1 0.03

BW, BayesShrink method; NLM, nonlocal mean; OSEM, ordered subset-expectation maximization; SG-NLM, spatially guided NLM; VOI, volumes of interest.
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FIG. 7. Comparison of the quantification bias (%) and signal-to-noise ratio (SNR) measured on tumor number one (T1) in the thorax phantom after applying the
Gaussian, bilateral, nonlocal mean (NLM), and spatially guided NLM denoising approaches using predefined parameters vs variable parameters suggested by the
noise variance estimator. [Color figure can be viewed at wileyonlinelibrary.com]
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attenuation correction are handled in the clinic, that pairs of
PET images before and after undergoing denoising are used
for visual inspection to take the advantage of the synergy
between the human visual system and computer processing.

5. CONCLUSIONS

The spatially guided nonlocal mean filter was introduced
as a variant of the conventional NLM filter which is capable
of exploring the entire image to take advantage of redundant
information present in the form of repeated patterns and pro-
longed edges as opposed to the conventional NLM filter
where the nonlocal information extraction is confined to a
predefined search window. A novel patch searching scheme
was adopted using the clustered version of the input image as
well as the information about prominent edges. Computer
simulation and physical phantom experiments demonstrated
the superior trade-off between signal preservation and noise
elimination achieved by the SG-NLM filter compared to the
conventional NLM filter as well as the Gaussian, bilateral,
and BayesShrink Wavelet filters. More importantly, the clini-
cal evaluation on 40 lesions revealed the reduced bias and
increased signal-to-noise ratio when using the SG-NLM
approach. The SG-NLM showed superior performance with-
out adding extra burden to the computational complexity of
the NLM filter, which makes it an attractive option for
denoising of 3D images.
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SUPPORTING INFORMATION

Additional supporting information may be found online in
the Supporting Information section at the end of the article.

Figure S1. Comparison of profiles drawn vertically on the
three tumors in the digital thorax phantom before (OSEM)
and after applying Gaussian, bilateral, BW, NLM and SG-
NLM denoising approaches
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