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Abstract
Purpose We evaluated the noise reduction capability of
wavelet denoising for estimated binding potential (BP)
images (k3/k4) of the peripheral benzodiazepine receptor
using 18F-FEDAA1106 and nonlinear least-square fitting.
Methods Wavelet denoising within a three-dimensional
discrete dual-tree complex wavelet transform was applied
to simulate data and clinical dynamic positron emission
tomography images of 18F-FEDAA1106. To eliminate noise
components in wavelet coefficients, real and imaginary
coefficients for each subband were thresholded individually
using NormalShrink. A simulated dynamic brain image of
18F-FEDAA1106 was generated and Gaussian noise was
added to mimic PET dynamic scan. The derived BP images
were compared with true images using 156 rectangular
regions of interest. Wavelet denoising was also applied to
data derived from seven young normal volunteers.
Results In the simulations, estimated BP by denoised image
showed better correlation with the true BP values (Y=0.83X+

0.94, r=0.80), although no correlation was observed in the
estimates between noise-added and true images (Y=1.2X+
0.78, r=0.49). For clinical data, there were visual improve-
ments in the signal-to-noise ratio for estimated BP images.
Conclusions Wavelet denoising improved the bias and
reduced the variation of pharmacokinetic parameters for BP.
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Introduction

For imaging physiological parameters using positron emis-
sion tomography (PET) scanning and analysis of compart-
ment models, the most serious technical issue is the low
signal-to-noise ratio (SNR) of dynamic PET data. Low SNR
of the time activity curve (TAC) at the voxel level causes
severe bias and large fluctuations for parametric imaging.
However, several investigators have reported that wavelet
denoising can improve the SNR of dynamic PET images
[1–13]. This is based on a spatial and frequency filtering
approach using the wavelet transform [14]. Millet et al. [9]
applied wavelet denoising to the time-activity curve and
improved the SNR in images of receptor density, B

0
max,

with 11C-flumazenil achieved without significant loss of
spatial resolution. Alpert et al. [10] reported reduced bias
and variations of the estimated binding potential (BP) with
11C-Raclopride using a simplified reference tissue model
(SRTM) in simulation studies. In a series of papers [1–6],
Turkheimer et al. have performed the most rigorous anal-
ysis of the wavelet transform for dynamic PET data. For
linear regression analysis such as the Patlak plot [3, 5] and
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the reference Logan plot [3], their work demonstrated the
potential advantage of forming parametric images in the
wavelet transform over conventional filtering. Cselenyi et al.
[8] also reported that wavelet denoising of the kinetic mea-
surements of 11C-FLB457 and 11C-WAY-11063 in wavelet
domains provided an increased SNR of the estimated BP by
the reference Logan plot.

Despite these extensive reports on wavelet denoising,
there is insufficient investigation on its applicability to
voxel-based compartmental analysis. Noise propagation for
estimated physiological parameters depends on the partic-
ular kinetic model and on the estimation procedure [15].
Previous research on applications of wavelet denoising to
dynamic PET images was for robust kinetic analysis such
as the Patlak and Logan plots [3, 5, 8, 13] and SRTM [10],
or for robust parameters, such as a distribution volume
defined as the ratio of rate constants of radioligand uptake
and efflux between capillaries and tissues [4]. Wavelet
denoising remains challenging for some radioligands ana-
lyzed by more sensitive kinetic analysis, such as nonlinear
least-square fitting (NLS), and when using sensitive param-
eters such as the ratio of two rate constants of the association
and disassociation of administered ligands. Yaqub et al. [16]
reported that the effects of noise on accuracy and repro-
ducibility are serious (up to 50% at a 10% noise level),
especially for the tracer 11C-PK11195 with NLS. They also
noted that strategies to reduce TAC noise, such as wavelets,
are promising methods for improving the accuracy and
reproducibility of PET kinetic analysis.

However, there is another issue about wavelet denoising.
The processed images by a conventional wavelet transform
(WT) suffer from artifacts because of poor directional
selectivity for diagonal features and lack of shift invariance.
This is troublesome for the quality of denoised images [17].
A dual-tree complex wavelet transform (CWT) provides
approximate shift invariance and directionally selective
filters while preserving the usual properties [17, 18]. Alpert
et al. [10] have investigated the validity of dual-tree CWT
for simulated PET images; but they have not suggested a
denoising rule (i.e., the determination of threshold values)
for clinical PET images.

In this study, the dual-tree CWT was applied to N-
(5-fluoro-2-phenoxypheyl)–N-(2-18F-fluoroethyl-5-methoxy-
benzyl) acetamide (18F-FEDAA1106), a radioligand for the
peripheral benzodiazepine receptor (PBR) [19]. Wavelet
denoising based on dual-tree CWT is essential for quantita-
tive imaging of the radioligand 18F-FEDAA1106. NLS is the
only method able to image the binding potential for 18F-
FEDAA1106 because of the difficulty in defining a reference
region for PBR [19]. We evaluated the noise reduction
capability of this dual-tree CWT denoising for the clinical
imaging of binding potentials for the PBR by voxel-based
nonlinear least-square fitting.

Materials and methods

Wavelet denoising

Originally, the wavelet transform was developed by Fourier
transformation. This represents a signal as a sum of cosine
and sine functions, whereas the wavelet transform repre-
sents a signal as a sum of translations and dilations of a
band-pass function called a wavelet [20]. In other words,
whereas the Fourier transform represents a signal in the
frequency domain alone, the wavelet transform provides a
spatio-frequency representation of a signal. Wavelet coef-
ficients, which are widely utilized in image processing,
indicate elements of the decomposed signal at a position
within frequency band j, where j is referred to as the
resolution level. As j increases, the range of frequencies
covered by wavelet shifts from higher to lower. The wave-
let coefficients corresponding to noise are expected to be
small because the orthogonality of the wavelet transform
spreads noise across all coefficients, while the signal is
concentrated into a few coefficients [1]. Thus, by thresh-
olding or shrinking the small coefficients toward zero, the
noise can be substantially reduced [14].

In the present study, the wavelet processing was applied
to a three-dimensional dual-tree CWT at four resolution
levels (J) with 112 subbands [10, 17, 18]. For j=1...J, k=
1...4, d=1...7, w(j, k, d) are the wavelet coefficients
produced at resolution level j, orientation k, and quadrant
d [10, 18]. To eliminate noise-related wavelet coefficients, a
soft-thresholding is introduced to the real and imaginary
wavelet coefficients for each subband of (j, k, d) individ-
ually [14]. It is formally expressed as

w0 ¼
w� t w Q tð Þ
wþ t w e tð Þ
0 wj j < tð Þ

8<
: ð1Þ

where t is a threshold value and w′ is the wavelet
coefficient after soft-thresholding.

Concerning a denoising system for dual-tree CWT,
Alpert et al. [10] suggested that practical approaches to
determine the σn value should be investigated. Values of t
in the subband of ( j, k, d) were determined by Normal-
Shrink [21] as shown in Eq. 2,

t j; k; dð Þ ¼ ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
loge D j; k; dð Þ=Jð Þp � σ2n

σx j;k;dð Þ

σx j; k; dð Þ ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
σ j; k; dð Þ2�σ2

n

q ð2Þ

where D (j, k, d) is the number of coefficients and σ ( j, k, d)
is the deviation of the wavelet coefficient in the subband ( j,
k, d). Here, to derive σn, the subbands should be given a
priori considering the property of the signal; in this study,
σn was computed from the wavelet coefficients at a res-
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olution level of 2 and from all four diagonal directions. This
will be discussed below.

The code of dual-tree CWT was provided as MATLAB
software (The MathWorks, Natick, MA, USA) derived
from http://taco.poly.edu/WaveletSoftware/index.html [18]
and part of the denoising using NormalShrink in Eq. 1 was
written in MATLAB.

Evaluation

To evaluate wavelet denoising for 18F-FEDAA1106, we
used simulations and clinical data. Clinical PET scans were
performed for seven healthy male subjects (aged 20–
31 years; mean±SD, 23.1±4.0 years) using ECAT EXACT
HR+(CTI Knoxville, TN, USA). After a 10-min 68Ge–68Ga
transmission scan, 3D-mode dynamic scanning with 41
frames (20 s×9, 60 s×5, 120 s×4, 240 s×11, 300 s×12)
was started immediately after the intravenous administration
of 18F-FEDAA1106 at a dose of 176–190 MBq (mean±SD,
183.0±5.04 MBq). Arterial blood was sampled manually
and the metabolite-corrected plasma TAC was obtained.
Dynamic PET images were reconstructed using a filtered
back-projection algorithm with a Hanning filter (cutoff=
0.4 cycle/pixel). Image matrix sizes were 128×128 (2.68×
2.68 mm), 63 slices (2.43 mm), and 41 frames.

The compartment model for the kinetic analysis of
18F-FEDAA1106 is the two-tissue compartment model as
shown in Fig. 1. Parametric images of K1 ml·cm−3·min−1, k2
min−1, k3 min−1, k4 min−1 and BP (unitless) were formed
for 18F-FEDAA1106 human/simulation data using dynamic
images with wavelet denoising (Iwav) and without wavelet
denoising (Inowav) using NLS analysis. All NLS fitting
without weighting was performed by PMOD Version 2.7
(PMOD Technologies, Switzerland), using the Marquardt-
Levenberg algorithm [22]. Initial estimates for all pixels
were determined by NLS analysis for global brain regions.
Upper and lower constrains of these parameters (K1, K1/k2,
k2, k3 and k4) were [0, 1], [0, 30], [0, 0.5], [0, 0.5] and [0,
0.5], respectively. BP values (k3/k4), which fell outside a
predefined physiological range >50, were excluded.

Simulation

A simulation was conducted to evaluate the performance
(linearity against true and loss of resolution) of wavelet
denoising for parameter estimation in which a clinical dynamic
PET data was mimicked. The simulated data was constructed
on a Hoffman brain phantom having 128×128×55 voxels and
2 mm3, which was smoothed using Gaussian filter with 2.5×
2.5-mm full width at half maximum (FWHM). It consisted of
two gray matter regions (K1=0.25, k2=0.078, k3=0.043 or
0.0516, k4=0.0086), a white matter region (K1=0.15, k2=
0.075, k3=0.043, k4=0.01) and cerebrospinal fluid (CSF;
K1=k2=k3=k4=0) to simulate the anatomical structure of the
brain. These regions had BP values of 5, 6, 4.3, and 0,
respectively. Applying a clinically measured plasma TAC to
a two-tissue three-compartment model, a set of noise-free
tissue TACs were generated for each anatomical component
according to clinical dynamic frames (described above), then
Gaussian noise with variance σ2 was added to mimic exact
measurements, which were determined using a simple
relationship as follows.

σi ¼ 1ffiffiffiffi
N

0
i

p � Ni

N
0
i ¼ Ni � F

ð3Þ

where i is a frame number, Ni is decay uncorrected PET
counts expressed as the integrated tissue TAC and F is a
scaling factor representing the sensitivity of the measurement
system introduced here to adjust the noise level (20%), which
was expressed as the mean of 1

. ffiffiffiffiffi
N

0
i

p
from 3 to 120 min.

For validation, parametric images were estimated using
NLS analysis and compared with the true images based on
156 five-by-five voxel rectangular regions of interest (ROI)
covering the whole brain. Three versions were investigated:
voxel-based estimation without any denoising (Inowav),
spatially smoothed images by Gaussian filter with 1 cm
FWHM (Igauss) and the images derived from the proposed
wavelet approach (Iwav).

Parametric images of human 18F-FEDAA1106 PETS scans

None of the volunteers had any somatic, neurological, or
psychiatric disorder or a history of current or previous drug
abuse. This study was approved by the ethics and radiation
safety committees of the National Institute of Radiological
Sciences, Chiba, Japan. A written informed consent was
obtained from each subject.

For studies with and without wavelet denoising, para-
metric images of BP for seven young normal volunteers
were formed using voxel-based NLS analysis. These results
were compared with ordinary ROI averaged estimates. The
ROIs were defined over 11 regions: cerebellum, dorsolat-
eral frontal cortex, medial frontal cortex, parietal cortex,

Fig. 1. Kinetic model for 18F-FEDAA1106. Cp, the radioactivity
concentration in the metabolite-corrected plasma; Ct, the free and
nonspecific binding compartment; Cs, the specific binding compart-
ment; BBB, blood-brain barrier
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lateral temporal cortex, medial temporal cortex, occipital
cortex, anterior cingulate, posterior cingulate, striatum, and
thalamus [19]. Volumes of the ROIs ranged from 6.86 to
32.41 cm3. Voxels containing zeros were excluded from
further analysis.

Results

Simulation study

Figure 2 shows the comparison of estimated K1 and BP
images in the simulation study. The parametric images
derived from noisy dynamic data, Inowav, values were
contaminated with large variance, especially for BP as
shown in Fig. 2b. Gaussian smoothing improved the image
quality; however, there was a serious loss of spatial reso-
lution (Fig. 2c). By contrast, wavelet denoising also showed
slight loss of resolution, but wavelet denoising preserved
much more spatial structure than Gaussian filter and re-
duced variances of K1 and BP images compared with Igauss
(Fig. 2c and d).

Figure 3 shows the correlation of estimated K1 and BP
images. A voxel-based estimates of BP from Inowav had no
correlation with the true values as shown in Fig. 3c. From
the correlation of the true and estimates by Iwav shown in
Fig. 3b and d, the estimated K1 and BP using wavelet
denoising showed better linear correlation; Y=0.94X+
0.006, r=0.98 and Y=0.83X+0.94, r=0.80, respectively.
As shown in Fig. 3a, the linear correlation between the true
values and the estimates in Igauss was worse than in Iwav.
This was caused by the ROIs being located on edges
of structures, and a loss of contrast in Igauss improved
significant for this poor performance.

Parametric images of human 18F-FEDAA1106 data

Figure 4a and b shows the comparison of estimated K1 and
BP images from Inowav and Iwav. The improvement of SNR

in parametric images from Iwav was observed visually and
there were fewer outliers in estimates from Iwav than from
Inowav. Additionally, wavelet denoising decreased the
number of pixels in BP images where estimation processes
resulted in outliers (BP>50 or k4=0) and it was 57.2±
25.7% for all ROIs and volunteers.

Comparison with ROI-based analysis

Figure 5 shows comparisons of K1 and BP between
estimated parametric images and the averaged estimates
for ROIs. Fig. 5a shows a better correlation for K1 between
estimated parametric images from Iwav and ROI averaged
estimates than from Inowav. The estimated BP image from
Inowav includes a bias against ROI averaged estimates (Y=
1.16X+1.90, r=0.83); however, estimated BP image from
Iwav improved relationship with ROI analysis (Y=0.96X+
1.56, r=0.85; Fig. 5b).

Discussion

In this paper, we established an algorithm of wavelet
denoising with dual-tree CWT and evaluated its noise
reduction capability using both simulation and clinical
studies. Results from the simulation study show that our
algorithm improved bias accurately while preserving spatial
structure. In the validation using clinical data, estimated
images of K1 and the binding potential data for the PBR
were investigated by nonlinear least-square fitting. As a
result, the improvement of SNR was achieved using
simulated and clinical data.

Wavelet transform can be considered to apply a set of
filters having various frequency specifications; it adopts an
optimal balance of spatial and temporal frequency property.
Therefore, wavelet denoising is expected to reduce noise
affecting small structures [9]. This is confirmed by the data
obtained from simulations as shown in Figs. 2 and 3.
Wavelet denoising maintained much more spatial structure
of K1 and BP images (Fig. 2d) than the images prepro-
cessed using a spatial Gaussian filter (Fig. 2c). Generally,
wavelet denoising preserves more edges than Gaussian
filter [1]. In the case of our denoising algorithm using dual-
tree CWT, we found the same performance as conventional
wavelet denoising. Correlation of wavelet denoising out-
comes with the true BP was also superior to those of the
Gaussian filtered data (Fig. 3). These results support the
described advantages of wavelet denoising [9].

In the clinical study, visual improvement of SNR is
shown in Fig. 4, as in the simulation study. Moreover,
stable estimation was achieved because the number of
outliers in the estimates decreased. Correlations between
ROI estimated and parametric images of K1 and BP from

Fig. 2. Parametric images of K1 and binding potential (BP) in the
simulation study; a is the true image. Ordinary voxel-by-voxel
nonlinear compartmental analysis using Inowav forms the image b
and c is an estimated image from Igauss using a 1×1 cm FWHM
Gaussian filter; d is an estimated image from Iwav
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Iwav were better than those from Inowav, as shown in Fig. 5.
As seen in the comparison between Figs. 2 and 4, the
effects of wavelet denoising in the clinical study were less
apparent than in the simulation study. This is perhaps
because of the difference in tissue heterogeneity in ROI,
and in distribution and noise level between images. In
particular, the systematic bias in kinetic parameters attributed
to tissue heterogeneity may influence the quantification of
estimated parameters [23, 24], but such assessment is
outside the scope of this study. Considering both simulated
and clinical results, this wavelet denoising algorithm is
effective for improving SNR of estimated parametric images.

Wavelet denoising is essential for quantitative imaging
of radioligands such as 18F-FEDAA1106. Reducing the
number of unknown parameters is one strategy to suppress
statistical noise-related errors. On the other hand, the K1–k2
model requires some assumptions and only provides DV,

Fig. 4. a and b Examples of K1 (top) and BP (bottom) images of a
young volunteer

Fig. 3. Comparison of estimated K1 and BP in the simulation study
using various algorithms: without any preprocessing of Inowav;
Gaussian spatial filtering Igauss and wavelet denoising for the proposed

Iwav, where the true values and the estimates were plotted on the
abscissa and ordinate, respectively. In a and c, the closed circles are
Inowav, the open circles are Igauss; b and d present the results of Iwav
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which is the combination of K1/k2 and BP. The K1–k2
model is based on the assumption that free and specific
binding compartments reach an early equilibrium. In the
case of 18F-FEDAA, the equilibrium time is too slow to
apply theK1–k2 model [19]. In other words, the K1–k2 model
is difficult to fit to the time-activity curve of 18F-FEDAA.
Furthermore, our study was based on previous reports [19],
which emphasized the importance of BP (k3/k4) values
for clinical research of 18F-FEDAA and mentioned that the
two-tissue model was preferable. Therefore, for better image
quality of BP imaging, we applied wavelet denoising to
parametric imaging of 18F-FEDAA using NLS. The NLS
approach is largely influenced by the noise in PET data.
Sometimes, the noise causes the estimates to fall into a local
minimum. Despite these disadvantages, NLS is only way to
image the binding potential for 18F-FEDAA1106 because of
the difficulty in defining a reference region for PBR [19].
Without this proposed wavelet denoising, the estimated
BP by ordinary NLS overestimated noise in both the sim-
ulation and the clinical data. As mentioned above, wavelet
denoising can reduce noise in voxel-based PET data and is
helpful to stabilize nonlinear estimation procedures. In this
study, global initial guesses were adapted to all pixels and
reasonable parametric images were attained.

Concerning a denoising system for dual-tree CWT, previ-
ous application for dynamic PET images with 11C-Raclopride
was reported by Alpert et al. [10]. They optimized the
threshold value that minimized the root mean squared
difference between 50 Monte Carlo simulations of brain
phantoms and suggested that practical approaches to
determine the σn value should be investigated. In the present

study, we selected threshold values of NormalShrink [21],
which proposes an adaptive threshold estimation method
for image denoising in the wavelet domain based on a
generalized Gaussian distribution modeling of subband
coefficients [21]. The σn value of the conventional wavelet
transform in Eq. 2 is defined as the variance of wavelet
coefficient in the highest frequency subbands at a resolution
level of 1 [14]. In the case of dual-tree CWT, σn corresponds
to the variance of wavelet coefficients at resolution level 1
and every four diagonal directions. Turkheimer et al. [1]
noted that the basic idea of wavelet denoising consists of the
assumption of “white noise” in wavelet domains. However,
this assumption is not appropriate for PET images because
the colored noise (noise with correlation among pixels)
introduced by the image reconstruction process of PET
images spreads differently at each frequency. We observed
that few wavelet coefficients were in the highest-frequency
subbands (data not shown) because the low-pass filtering of
the image reconstruction process eliminated high-frequency
components. In the present study, σn in the highest-
frequency subbands was too small to estimate noise compo-
nents. Therefore, we defined σn empirically as the variation
at resolution level 2.

Turkheimer et al. [1] also showed that the exact
resolution after wavelet denoising is influenced by the
signal-to-noise ratio of measured PET images. Our algo-
rithm differs from some other denoising rule such as SURE
algorithm [1] and our algorithm, so the performance of our
algorithm may be different from Turkheimer’s. However,
there may remain drawbacks in terms of providing constant
performance, especially resolution. Of course, further de-

Fig. 5. Comparison of estimated a K1 and b BP values (n=7) between the region of interest (ROI) analysis (the abscissa) and parametric images
(the ordinate). Filled circles are derived from Inowav and open circles are from Iwav
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tailed investigation will be required. However, by applying
this algorithm, denoised images (Fig. 3) did not lose their
spatial resolution in the simulation study and the clinical
study (Fig. 5).

In the present study, the improvement of SNR was
achieved using current wavelet denoising. Specific binding
of some ligands (i.e., 18F-FEDAA1106 or 11C-PK11195) to
the PBR will increase in the case of neuronal damage or
loss in several neurodegenerative and psychiatric disorders
[25–30] and their BP values have been expected to predict
or diagnose some diseases. Wavelet denoising can be a
solution for these clinical applications [31]. In the present
study, we have not compared our approach with other edge-
preserving filters or applied a quantitative assessment of any
loss of resolution. Further investigation will be required.

Conclusion

Denoising using dual-tree complex wavelet transform
improved the bias and variance of the binding potential of
pharmacokinetic parameters with 18F-FEDAA1106. Wavelet
denoising is thus a useful preprocessing scheme for PET
functional molecular imaging.
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