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Abstract— Positron Emission Tomography (PET)/Computed
Tomography (CT) is the main medical imaging technique
which used for diagnosing cancer. PET image is showing the
functional activities in the patient while CT imaging presents
the anatomical information. The PET raw-projection data
(sinogram) contains a very high level of Poisson noise, while The
reconstructed image through filtered back-projection algorithm
(FBP) is contaminated with unknown noise that is very similar
to speckle noise distribution. This noise may lead to increase
the doze of radioactive material that given to the patient for
imaging PET and to errors in the diagnosis results. Applying a
suitable filtering approach can increase the effectiveness of the
diagnosing process. Using the high resolution information in the
CT, we propose in this work an adaptive post-reconstruction
curvature motion filtering technique for PET image. The
proposed filter consider computing the diffusivity function (edge
stopping function) based on the fused image (PET/CT) to
guide the smoothing and the sharpening process in the image.
Experiments demonstrate through simulated images that the
performance of the proposed method significantly enhance the
reconstructed PET using FBP algorithm. Further, it compared
with recently published methods, both visually and in terms of
statistical measures.
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I. INTRODUCTION

Positron emission tomography allows the imaging of functional properties of the
living tissue, whereas other modalities (CT, MRI) provide structural information at
significantly higher spatial resolution compared to PET. In the PET imaging, intro-
ducing anatomical prior constraint for enhancing PET images during reconstruction or
post-reconstruction is proved to improve significantly the quality of the results [21],
[1].

Finding a suitable denoising method for enhancing PET still consider as a hot topic
for researcher in the medical image processing area. Filtering methods based on PDE
schemes have been proved to be effective in reducing the noise and keep important
features if the noise characteristics is well identified and a suitable edge stopping
function is used.

In our previous work [31], [29], we have proposed a Probabilistic Curvature Motion
pre-reconstitution filter for enhancing the PET image by filtering the PET raw data
(sinogram) and the results were very promise. The proposed method was initiated
based on the curvature motion filter, the probabilistic edgge stopping function, and
considering that the noise in the sinogram is a priori identified as a Poisson noise.

The noise distribution in reconstructed PET images that created by FBP is very
well characterized by gamma distribution followed closely by normal distribution,
based on the study of Teymurazyan, et. al. [4]. Image noise, is in this work, described
by an Speckle noise which follows a Gamma distribution and an additive noise model.
Based on the anisotropic diffusion and Gamma distribution a new model for speckle
reduction is developed. It called as speckle reducing anisotropic diffusion (SRAD)
method. SRAD is very suitable for speckle reducing which enhances PET image, as
well preserves and enhances edges.

Recently, there has been a considerable interest in cooperating the structural
information derived from anatomical image such as MRI or CT to enhance the
signal-to-noise ration of the reconstructed PET. In this work, a novel anatomical

based anisotropic diffusion for PET image is introduced.

This paper is organized as follows. Section 2 illustrate the literature review of this
topic.The theoretical background and terminology used through this paper is introduced
in section 3. The proposed method is presented in section 4. Section 5 describes the
experimental framework used to evaluate the performance of the proposed algorithms
and discussed the results. Our conclusion is presented in section 6.

II. LITERATURE REVIEW
Recently, many researcher have been working on developing PET image enhancing

methods with and without anatomical prior. In this section, recent works are presented
and discussed.

In the study of Chan et al. [9], a non-local means (NLM) post-filtering algorithm
for PET images with incorporating anatomical knowledge from co-registered computed
tomography CT image was proposed and denoted adaptive non-local means (A-NLM).
The NLM estimates the denoised pixel NL(xi) as the mean of the intensity values
of all pixels whose Gaussian neighborhood resembles the neighborhood of xi within

the image X. The NLM method is formulated as: NL(xi) =

∑
j∈N(i)

wijxj

where wij is the weight that measures the similarity of the vectors xi and xj ,
wij ∈ [0, 1] and

∑
j
wij = 1; these vectors denote a square neighbourhood of

fixed size, centered at pixels xi and xj . N(i) denotes the search window centered at
the current pixel xi. The similarity is measured by a function of the Gaussian-weighted
Euclidean distance between xi and xj .

A simulated PET emission scan of a digital phantom resembling the human
thorax was used for evaluating Chan et al. method. The total number of counts
in the sinogram was 950,000 and 50 noise realizations with Poisson noise added.
The quantitative evaluation was made using lesion to background contrast curve.
The results demonstrate that A-NLM yields better performance in suppressing noise
compared with conventional Gaussian post-filtering and NLM.

Another approaches for incorporating anatomical prior information into filtering
PET images during reconstruction was proposed in [8], [5]. Authors in [8] proposed
an anatomically based Anisotropic Median-Diffusion Filtering during reconstruction.
In [5], Chan et al. proposed another approach based on using the anatomical
information in two separate ways: the anatomical boundary definition was used to
influence the estimation of emission values in proximity to the boundaries in the
PET image, while the organ region information was used to estimate an anatomically
adaptive anisotropic median-diffusion filter to generate a smoothing prior for the next
iteration in the reconstruction process. The Perona and Malik diffusion function was
adopted in [5], ∂u∂t = ut = div(g(|∇u|)∇u) u(0) = u0 where u is the
smoothed image, ut is the partial derivative of u with respect to diffusion time t,
’div’ denotes the divergence operator and g(|∇u|) is the so-called edge stopping
or diffusivity function, given as: g(|∇u|) = 1

1+
|∇u|2

K2

where K is the contrast

parameter and |∇u| is the image gradient.

Authors evaluated the proposed method by applying it to a computer-simulated
disc phantom, a simulated digital phantom resembling the human thorax and
a physical torso phantom. Quantitative evaluations of the 100 noise realizations
were made using lesion to background contrast and normalized root mean square error.

In another recent study of Chan, el al. [20] a post-reconstruction nonlocal means
(NLM) filter is applied of the PET imaging by combining anatomical information
from a CT. This filtering algorithm smoothing the noise by computing the weighted
average of voxels based on measuring the similarity between patches of voxels within
the image. Anatomical knowledge obtained from CT was incorporated to constrain
the similarity measurement within a subset of voxels. The proposed method was



compared to Gaussian, edge-preserving bilateral and the median nonlocal means
(MNLM) filtering without an anatomical prior.

A non-local means (NLM) post-reconstruction filtering for SPECT is proposed
is [27]. Authors investigated using NLM filtering as a post-reconstruction filtering
method, with and without CT side information, to enhance SPECT imaging. Phantom
with tumors containing a uniform and a non uniform activity distribution were
applied for the evaluation. Using CT information for filtering SPECT is found to
give better enhanced images and robust to small misregistration between SPECT and
CT information. Based on measuring the contrast recovery they concluded that using
more OSEM iterations is essential for accurate estimation. The results is compared
with conventional Gaussian filtering and to unfiltered methods.

Kennedy et al. [11], proposed a postprocessing algorithm for incorporating anatom-
ical edge from CT with functional PET data to improve the PET image quality.
The anatomical information from CT and the PET texture data were merged using a
modified Hybrid Computed Tomography algorithm (HCT). In the combined PET/CT
images, each PET pixel value was estimated by iteratively applying a corrected 2D
Taylor expansion to each of its eight neighbors. In other words, the CT edges are
considered rather than the PET edges.

The proposed algorithm was tested on a special resolution phantom and patient
data sets. The Contrast ratios was applied for testing the method.

An algorithm for enhancing the blurred PET images, using registered Computed
Tomography (CT), is proposed in [24]. The algorithm is based on a forward-and-
backward anisotropic diffusion. A forward diffusion is utilized to stabilize the process.
The proposed method is tested with real measured PET/CT data. The proposed
method is implemented and tested on 3D data. The anatomical information (CT) is
introduced for sharpening the PET image edges by deneing the diffusion tensor based
on CT gradients. PET intensity flows through CT gradients, creating PET edges along
the CT ones. The analysis for combining CT for enhancing PET shows four primary
cases:
(1) High PET and high CT gradient magnitudes. In this case, PET edges are strong
along CT ones, so no further sharpen is needed and both processes should slow down.
(2) Low PET gradient magnitude with high CT gradient magnitude. Here, more
sharpening is required to enhance edges, so the backward force should be emphasized.
(3) High PET gradient magnitude with low CT gradient magnitude. This occurs when
PET edges are falsely created where no tissue boundary is present. This may be due
to over-sharpening, or reconstruction noise. In this case, the forward process should
have greater emphasis.
(4) Low PET gradient magnitude with low CT gradient magnitude. Here, the process
should not affect the image, as these conditions are present within tissues in normal
case.

A wavelet synergistic approach that combines functional and structural information
(e.g. CT/MRI) for enhancing PET images is proposed and studied in [10], [23]. In this
method, the PET image and the anatomical CT/MRI image are decomposed into several
resolution elements. Then, the PET high-resolution elements are replaced with those
of the CT/MRI image after appropriate scaling.

Filtering approach based on fuzzy nonlinear anisotropic diffusion with non-local
means is proposed in [7] to improve the quality of PET images. The proposed
method combined the Penalized Maximum likelihood algorithm with nonlocal fuzzy
anisotropic diffusion to adapt the diffusion coefficients according to the characteristics
of the reconstructed image. Since,the diffusion processing can be considered as fuzzy
classification as more pixels belong to the smooth region, stronger diffusion will apply.
The diffusion coefficient is represented by a membership function.

Results showed that the new approachs better in suppressing noise and preserving
edges.

Filtering SPECT image by a non-local means (NLM) method with and without
CT information is studied in [25]. Two ways to incorporate CT side information
during reconstruction in the adopted ltering approach is investigated. Simulation results
with two uniform tumors showed that the proposed ltering method with anatomical
information decreased the error as compared. In another study, a nonlocal regularization
method for PET image reconstruction with an anatomical images is proposed in [26].
The proposed method applied to anatomy-based PET image reconstruction. Results
showed enhanced image resolution compared to the conventional method based on
local smoothing as well as the reconstruction accuracy even with the imperfect prior
anatomical information.

In another study [21], a new approach is proposed for measuring the similarity
between functional and anatomical image to incorporate the anatomical information
for better enhancing the PET images based on the joint entropy approach. The new
approach take into account dependence of the two images on the underlying tissue
composition.

Using three different MRI anatomical priors for improving PET brain imaging are
studied in [22]. The investigated methods for combining the prior are: i) a prior based
on a segmentation of the MRI image; ii) the joint entropy prior and iii) a Bowsher
prior. neighborhood, computedfromtheMRIimage.

Results showed that the Bowsher prior performance is better than other priors.

III. THEORETICAL BACKGROUND
In this section we present some of the related studies to the proposed method and

the theories behind these studies.
In [17], Bettahar et al. proposed a PDE-based filter which combines shock filter and
curvature diffusion. This model removes noise and sharpens edges. Additionally, it
preserves well the location of the shocks by synchronizing both effects of smoothing
and deblurring. Lets first introduce the theory behind the shock filter.

A. Shock Filter
The 2D formulation of the classical shock filter with reflecting boundary conditions

is commonly given by [16]:

ut = −sign(Gσ ∗ uww)uw (1)

where ut is the image solution at time t and u(0) = u0 is the input image. w is
the direction of the gradient ∇u with:

uww =
uxxu

2
x+2uxuyuxy+uyyu

2
y(

u2
x+u2

y

)
uw = |∇u| =

√
u2
y + u2

x

(2)

The convolution of uww with the Gaussian function Gσ, where σ is the standard
deviation of the Gaussian, is used to make the filter more robust against noise. The
main idea of the shock filter assumes that some pixel is in the influence zone of
a maximum, where its second derivative uww is negative. Then (Equ. 2) becomes:
ut = |∇u|

Evolution under this PDE is known to produce at time t a dilation process with
a disk-shaped structuring element of radius t. At the influence zone of a minimum
with uww > 0, Equ. (2) can be reduced to an erosion equation with a disk-shaped
structuring element: ut = −|∇u|

These considerations show that for increasing time, the radius of the structuring
element is increased until it reaches a zero-crossing of uww , where the influence
zones of a maximum and a minimum meet. Therefore, the zero-crossings of the
derivative uww serve as an edge detector, where a shock is produced that separates
adjacent segments.

B. Bettahar’s Image Filtering Model
The Bettahar’s [17] image filtering model is given as:

ut+1 = |∇u|div
[
g1(|∇u|) ∇u

|∇u|

]
− Pα|∇g2(|∇u|)|2(ut − ξt)

ξt = Pβ(1− |∇g2(|∇u|)|2)uww − sign(Gσ ∗ uww)|∇u|
(3)

The functions g1(|∇u|) and g2(|∇u|), in Equ. 3, were given as:4

g1(|∇u|) = 1

1+|∇u|2/k2
1

g2(|∇u|) = 1

1+|∇u|2/k2
2

(4)

The first function g1(|∇u|) is used to assure an anisotropic behavior, and to
select small edges to be smoothed according to the parameter k1 while g2(|∇u|)
is introduced to select which strong edges to be improved according to k2. The
parameters Pα and Pβ are positive balance constants. The first part of the first
equation in 3 is the curvature diffusion process, where the second one is a shock
filter coupled to a kind of diffusion. The second equation diffuses the image only
in the direction of the gradient, especially at isolated artificial edges, which can be
created by noise. This equation is used to remove noise at noisy edges and to create
a shock in these locations, where |∇g2(|∇u|)| tends to zero.

C. Speckle Reducing Anisotropic Diffusion
The characteristic of the noise in PET images created by FBP is very well

characterized by gamma distribution followed closely by normal distribution, based
on the study of Teymurazyan, et. al. [4]. Image noise, is in this work, described by
an Speckle noise which follows a Gamma distribution and an additive noise model, as
follows:

f = eI + n (5)

where f is the observed noisy image, I is the true image, e is the noise which
follows a Gamma Law with mean one (in this study e is considered a Speckle noise
as it follows a gamma distribution [18] ) and n is the additive Gaussian noise. Speckle
noise is one of the most complex image noise models. It is signal independent, non-
Gaussian, and spatially dependent.

Based on the anisotropic diffusion and Gamma distribution a new model for
speckle reduction is developed [19], [13], [12]. It called as speckle reducing anisotropic
diffusion (SRAD) method. SRAD is very fit for speckle reducing which preserves and
enhances edges. Given an intensity image u0(x, y), the output image u(x, y, t) is
evolved according to the following PDE:

∂u(x, y, t)

∂t
= div(c(q)∇u(x, y, t)) (6)

Where u(x, y, 0) = u0(x, y) and t represents diffusion time, c(q) is given as:

c(q) =
1

1 + [q2(x, y, t)− q2
0(t)]/[q2

0(t)(1 + q2
0(t))]

(7)



Where q(x, y, t) is the instantaneous coefficient of variation determined by

q(x, y, t) =
(1/2)(|∇u|/u)2 − (1/42)(∇2u/u)2

[1 + (1/4)(∇2u/u)]2
(8)

And q0 is the scale factor of speckle, can be estimated as [19]: q0(t) =√
var[E(t)]

E(t)
Where var [E(t)] and E(t) are the intensity variance and mean over a

homogenous area at t, respectively.
The above mentioned function, q which is the instantaneous coefficient of variation

q(x, y, t) helps in detecting the edges present in the images corrupted by speckle. At
edges and high contrast regions this function produces high values and at homogeneous
regions it gives low values, q0(t) is the speckle scale function and q(x, y, t) fluctuates
around qo(t).

IV. THE PROPOSED METHOD: ASRAD FOR PET
In order to improve the important features in the PET images (i.e tumors) and

considering [13], [12], [4], [17], [7] and Chan’s studies [5], [9], we propose a novel
adaptive SRAD non-linear curvature diffusion-shock filer with anatomical prior. In our
case, this enhances smoothing homogeneous regions via constraint curvature motion
via the function c(q) (Equ. 7) here q is estimated locally, as given in [19]. Further,
the proposed method combine anatomical information from aligned CT images for
enhancing significant information in the PET image.

The anatomical information are used for weighting the sharpening process. The
edge stopping function is obtained based on a combined PET/CT image and is used
for controlling the sharpening term. In the following, we introduce the proposed
scheme.

Let f and z denote accurately aligned PET and CT images respectively. The
proposed scheme is given as:

ut+1 = c(q)(uvv + uww) + α|∇g2(|∇F |)|2(ut − ξ)
ξ = Pβ(1− |∇g2(|∇F |)|2)uww − sign(Gσ ∗ Fww)t|∇Ft|

Ft(i, j) = a.ut(i, j) + b.z(i, j)
ut=0 = f(.)
un = 0

(9)

ut is denoted the scale-space image, and the scale t ∈ R+. The enhanced version
of the observed noisy PET,f , is a given ut that yields an estimate of the unknown
noise-free version of f . The Von-Neumann boundary condition on the boundary, n,
of the image domain is adopted. ξ represents the regularized recontracted PET.

The parameters α and β are balance constants, uvv is the second order Gauge
derivative of the image along the image edges, and the third term is the shock
filter based on the combined (fused) PET/CT image. where the Weighted Averaging
algorithm is adopted for combining PET/CT images. F is the fused image, a and b
represent the weighting factors for the both images. The Weighted Averaging method
is easy to implement and fast to execute. We propose to set a=0.7 and b=0.3.

in this work, I will test the following diffusion controlling functions q:
1- c(q)PET formula based on the PET image, where q is given as:

q(x, y, t) =
(1/2)(|∇u|/u)2 − (1/42)(∇2u/u)2

[1 + (1/4)(∇2u/u)]2
(10)

2- c(q)CT formula based on the CT image, where q is given as:

q(x, y, t) =
(1/2)(|∇z|/z)2 − (1/42)(∇2z/z)2

[1 + (1/4)(∇2z/z)]2
(11)

3- c(q)Fused formula based on the fused PET-CT image, where q is given as:

q(x, y, t) =
(1/2)(|∇F |/F )2 − (1/42)(∇2F/F )2

[1 + (1/4)(∇2F/F )]2
(12)

where z is the anatomical image, F is the fuzed PET-CT image.
and g2 are of the form:

g2(|∇z|, k) =
1

1 +
|∇z(i,j)|2

k2(i,j)

(13)

where k is a contrast free parameter which is estimated locally. The co-registered CT
image is degraded to the resolution of the PET image. This can be done by applying
the CT volume an isotropic gaussian kernel so that final image resolution matched
the one of the PET scanner.

We adopt Samsonov’s method [15] for the edge stopping functions g2(|∇u|k) . As
we present in section III, this method is locally-based where parameter k is dependent
on the local noise properties and computed at each location (i,j) in the image.

For images with varying noise levels, by using this method we avoid the CT
segmenting problem that was used for modifying the k parameter as proposed in
Chan’s works [5], [9].

Description of the proposed model:

Term 1 [c(q)(|∇u|).uvv ]
The first part of the proposed filter is the SRAD non-linear curvature diffusion. This
diffuses the image only in the direction of the level set. This equation is used to remove
Spekele noise as much as possible. uvv is given as:

uvv = |∇u|div
(
∇u
|∇u|

)
=
uxxu

2
y − 2uxuyuxy + uyyu

2
x(

u2
x + u2

y

) (14)

The above mentioned function, q which is the instantaneous coefficient of
variation q(x, y, t) helps in detecting the edges present in the images corrupted by
speckle. At edges and high contrast regions this function produces high values and at
homogenous regions it gives low values, q0(t) is the speckle scale function.

Term 2 [α|∇g2(|∇F |, k)|2(ut − ξ)]
On the other hand, the second part is an anatomical-based sharpening term. The
parameter α is used for balancing the weight of this term and is selected empirically.
The anatomical information is used and combined in implicit way for controlling and
improving the filtering results of the PET images. The anatomical information from
CT is used for weighting the enhancing term in the proposed filter via ξ and for
guiding the enhancing and the sharpening process via g2. The first derivative of g2

(∇g2(|∇F |, k2)) in the second term make backward diffusion possible. This give
the filter the capability of edge enhancement and improve the edges in the PET image
according to the combined edges in the (PET/CT) fused image. The fused image is
computed at each iteration for. The edges will be sharpened by the weighed difference
between ut and ξ.

Unlike the method of Turkheimer, et al. [10] where the anatomical information
and edges are explicitly inserted and merged in the PET image which may create
new unwanted patterns, our method avoids creating new patterns or edges in the PET
image. As this may cause a false positive diagnosis result.

Why using fused image?
PET and CT images provide different views of the body (functional and anatomical).
For this reason, we propose to combine the anatomical and functional information in
one image and then to obtain the edge stopping function g2 based on the gradient
of the combined image. In the fusion process, we increase the weights of PET and
reduce the CT ones to reduce the effects of the unimportant information from the
CT. The adopted method which is frequently used in the literature for image fusion
[14]is the Weighted Averaging:

At transition locations |∇g2(|∇F |, k2)| is high of the equation will be active
and will operate like a sharpening term. Through using fused image F and first
derivative of the edge stopping function g2(|∇F |, k), the sharpening term are
carefully controlled for enhancing the weak and vanish edges.

Term 3 [β|sign(Gσ ∗ Fww)|∇F |]
The third term in this filter is a shock filter that enhance the weak edges and creates
a shock in these locations, especially at isolated artificial edges, which can be created
by noise. The parameter β is used as a balance between diffusion and shock effects.
This term is based on the PET/CT fused image to enforce edges from the CT image
for enhancing weak edges in the PET. The zero-crossings of the derivative Fww
serve as an edge detector in the fused PET/CT image, where a shock is produced that
separates adjacent segments.

V. EXPERIMENTS AND DISCUSSION
For the analysis of the proposed denoising approaches, we use a simulated thorax

PET phantom, containing three hot regions of interest (tumors) (1.18, 1.8 and 1.57) was
constructed. 50 realizations (noisy sinograms) with added noise of 1x106 coincident
events, have been generated. Each sinogram has a size of 256x256 pixels and
their spacing is 2x2 mm

pixel , with 128 detectors and 128 projection angles. Figure.4(a)
shows the ideal noise-free sinogram with the PET images obtained via the FBP
(Fig.4(d)) reconstruction. A corresponding noise contaminated realization is shown
in Fig.4(b),(e)-(f). The quantitative accuracy of PET images is degraded by the limited
spatial resolution of the CT. For the purpose of degradation in resolution, the point-
spread function (PSF) tends to be approximated by an isotropic Gaussian.

A. Quantitative Evaluation Measures
Two types of evaluation measures are adopted [31], [29]. The first set based on

measuring the quality of the filtering techniques whilst the second set originates from
validating the quality of the PET reconstruction. As ground-truth information, the first
type uses the noise-free image, whilst the second type needs prior identification of the
important areas by a radiologist.

Denoising Quality: (DQ) The idea is to verify the quality of the
denoised sinogram, ut, with respect to the noise-free image I . In this work, we adopt
the following measures [30]: DQ1

1) The Peak Signal to Noise Ratio (PSNR) is a statistical measure of error, used
to determine the quality of the filtered images. It represents the ratio of a signal
power to the noise power corrupting, so the higher the PSNR, the better the
quality.

PSNR(t) = 10log10

Card(Ω)∑
p∈Ω

|I(p)− ut(p)|
(15)



2) The correlation (Cmρ) between the noise-free and the filtered image. The
higher this correlation the better the quality is.

Cmρ(t) = ρ [I, ut] (16)

3) The calculated variance of the noise (NV) describes the remaining noise-level.
Therefore, it should be as small as possible.

NV(t) = V ar (|I − ut|) (17)

In this work, we are interested in comparing the maximum of each measure for different
filtering approaches.

For PET filtering application, we use an earlier proposed optimal scale selection
approach [30], where the maximum correlation method has been adopted:

topt = argmax
[
Ĉmp(t)

]
= argmax

[
σ[ut] +

σ[no(t0)]

σ[ut0 ]
σ[no(t)]

]
(18)

with no is the so-called outlier noise estimated using wavelet-based noise estimation.
t0 is the zeroth scale, thus ut0 = f and n(t0) represents the initial amount of noise.

B. Denoising Quality Results
In this work, we are interested in comparing the proposed filter, namely, the

Anatomical-based Adaptive SRAD filter (SB−ASRAD)F where the function c(q)
is build based on the fused image, with (SB−ASRAD)CT where the function c(q)
is build based on the anatomical image and with the (SRAD) where the function
c(q) is build based on the PET image. Additionally, Perona and Malik filter (P-M) [3]
is applied and tested. The Lorentzian diffusivity function g(X) = 1/(1 +X2/k2)
is used for applying the P −M filters. The free parameters (alpha and beta) and the
parameters for the image fusing (a,b) in the proposed filter are manually set.

Figure 2 illustrates the optimal enhanced scale of the filtered reconstructed PET
for all considered filtering methods.

The variance image for the filtered PET images are presented in Figure ??. As it can
be seen visual inspections do not allow comparing effectively the different methods.
For the qualitative assessment, we calculated the denoising quality measures defined
in Section V-A for each filtering schemes. The results are displayed in Table I.

in this paper is remarkable in discriminating the ROI from image noise (see Figure
2). Also notice the improved performance of the (AB − ASRAD)F algorithm as
compared with the performance of the standard diffusion algorithms.

VI. CONCLUSIONS
Anatomical-based Adaptive SRAD filter for enhancing PET images is developed

and discussed in this work. The developed filter is applied on the 2D PET post-
reconstruction via FBP. It considered the PET noise distribution (the speckle noise) in
the filtering process. Anatomical prior (i.e computed tomography) image is combined
in building the diffusivity function. The anatomical information are used for weighting
the sharpening process. The edge stopping function is obtained based on a combined
PET/CT image. The SRAD filter approved to be an effective filter for PET image with
speckle noise. The results show that involving anatomical prior in the filtering process
improving the quality of the enhanced PET images. This improvement is due to the
better resolution of the CT image which leads to better preserving of the significant
features. Ab-ASRAD achieved more effectiveness in smoothing all the homogeneous
regions that contain high level of noise among other methods and wisely smoothes
the region of interest as well as the other regions in the PET image. The contrast
recovered better in the ROIs by the inserting the anatomical image in the diffusivity
function and introducing the enhancing term in the filter. These filters gives a well
smoothed image and preserves the edges, and gains the advantage of the curvature
motion diffusion and the shock filter. Further, they deal better with the problem of the
poor and discontinuity of edges which is common in the PET images. The proposed
algorithm considers all possible cases for combining the anatomical information in the
filtering process. Since the edges in the CT images are not completely the same as
in the PET image, this algorithm use smart way to insert the anatomical information
through the fused PET/CT image via the three filtering terms. Enhancing the weak
edges in PET resulted in better diagnosis accuracy for the tumor size and shape.
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(c) (d)
Fig. 1. (a) The original simulated sinogram and its reconstructed PET
image with 3 clearly visible spots: the tumors (ROI) using either FBP
reconstruction. (b) An example of one realization noisy sinogram and (c-d)
the corresponding reconstructions.
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Fig. 2. Filtered PET images: figures a and b are examples of the
AB − ASRADF and AB − ASRADCT filtering results respectively.
The filtering results of the SRAD and P − M are illustrated in figures
(c-d) respectively.

TABLE I
DENOISING QUALITY MEASURES

Method f AB-
ASRADF

AB-
ASRADCT

SRAD

P-M
PSNR(topt) 12.11 24.8 25.1 24.7
21.8
NR(topt) 0.07 0.034 0.032 0.0345
0.024
Cmρ(topt) 0.69 0.921 0.992 0.992
0.97

(a:Example of PET real data) (b:Example of PET real data)

(c: Example: PET for a abdominal) (d: Example: PET for a brain)
Fig. 3. Examples of an experimental real data set

Fig. 4. Examples of a real data set: the upper left image is the CT slice
of the brain, the upper right is PET image for the same sector, the lower
left is the fused image and the lower right is whole body PET


