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Improving PET-Based Physiological Quantification
Through Methods of Wavelet Denoising

Jou-Wei Lin, Andrew F. Laine*, and Steven R. Bergmann

Abstract—The goal of this study was to evaluate methods of mul- images provide time-activity data of an input function (blood
.tidim(.ansionall WaveIeF dfenoising on res.toring th.e fi.delity of biolog- supply of tracers into a target organ) and an output function
ical signals hidden within dynamic positron emission tomography (tissye activity). The basis of physiological quantification is de-
(PET) images. A reduction of noise within pixels, between adjacent . . . .
regions, and time-serial frames was achieved via redundant multi- \{eloplng an approprlgte model, i.e., a system of Ilnear equa-
scale representations. tions that describes biological phenomena and functions. Phys-

In analyzing dynamic PET data of healthy volunteers, a multi- iological quantification with a kinetic model usually divides a
scale method improved the estimate-to-error ratio of flows fivefold target system into several subspaces. Each of these subspaces,
without loss of detail. This technique also maintained accuracy of or “compartments,” is assumed to be homogeneous and well
flow estimates in comparison with the “gold standard,” using dy- . ' . . .
namic PET with O15-water. In addition, in studies of coronary dis- mixed. Thes_e Compartmer?t_s interact by exchanglng ma_terlgls.
ease patients, flow patterns were preserved and infarcted regions Blood and tissue time-activity data can be fitted to a kinetic
were well differentiated from normal regions. model to measure physiological function [2]. The fitting process

The results show that a wavelet-based noise-suppression methodis ysually an iterating optimization and is guided by a least

produced reliable approximations of salient underlying signals g are or maximal likelihood method to find the estimates of
and led to an accurate quantification of myocardial perfusion.
unknown parameters.

The described protocol can be generalized to other temporal . L
biomedical imaging modalities including functional magnetc ~ Due to the need to evaluate myocardial function in a large

resonance imaging and ultrasound. population of heart disease, PET has evolved as a noninvasive

Index Terms—Multidimensional analysis, myocardial perfusion, approach for assessing myocardial pel"fUSIon and metabolism.
positron emission tomography, wavelet denoising. For example, extractable (e.§?Rb and nitrogen-13'¢N) am-
monia) [3]-[7] and diffusible (e.g., oxygen-15-labeleld @)
water) tracers [8], [9] have been used in dynamic PET scans.
Myocardial perfusion can be quantified with the application of

MAGING modalities, such as computed tomography (CT@n appropriate kinetic model.

functional magnetic resonance imaging (fMRI), positron However, methods of PET-based physiological quantifica-
emission tomography (PET), and ultrasonography, have bn have notbeen always successful. For example, rubidium-82
lowed researchers and clinicians to noninvasively evalugféRb) is a generator-produced flow tracer with a short phys-
physiological processes within the human body. PET is ol half-life (76 s) [10]. Sequential scanning can be performed
of the modalities that acquires sequential images and iswithin a short period of time in a place where a cyclotron is
technique for measuring the concentration of positron-emittimgt available [11]. Although these characteristics shorten the
tracers within an object [1]. PET is superior to other imagingme span for repeated studies and increase the flexibility in de-
modalities in determining physiological functions becausggning a clinical study [12]the short physical half-life results
readily prepared radionuclides, such as oxygen, carbon, dndoisierimagesTherefore, dynamic curves derived fréARb
nitrogen, are essential elements of the human body which #reges are error-prone and consequent flow estimates are usu-
well incorporated into normal physiological processes. ally biased.

With the rapid acquisition of dynamic images, PET not only Wavelet methods have been previously used to enhance
reveals anatomical information, but can also be used to mé&gecific features and reduce noise in medical images [13], [14].
sure physiological functions in absolute terms. Sequential PEDwever, the effect of such post-processing techniques on

PET-based physiological quantification has not been evaluated.
The wavelet transform is an analysis tool that expands signals
Manuscript received June 18, 2000; revised August 11, 2@8risk indi- onto orthogonal and semi-orthogonal bases. Since wavelets
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Fig. 1. Sequential images (frames) of a mid-ventricular short-axis plane derivedfiRm(upper row) and Ef O scans (lower row)?Rb is an extractable
tracer. The tracer entered the right ventricle (0-5 s), circulated into left ventricle (10-15 s, 20-25 s), then was gradually extracted intadhem{28e890 s).
H330 is a diffusible tracer. The tracer finally reaches an equilibrium between blood and tissue.

have a built-in capacity of adapting to local changes [16]. WitR. PET-Based Quantification of Myocardial Perfusion

an appropriate soft thresholding allgorithm,. an estimate is atl) Image Analysis:Emission PET data were reconstructed
least as smooth as the true underlying function [17], [26], [27}, torm cardiac images and then reoriented into short-axis im-

Most importantly, there exists a validated method to find gyes. A heart was typically divided into 6-10 horizontal planes
near-optimal risk assessment [18]. B according to its size. Therefore, a dynamic PET scan would pro-
The goal of this study was to evaluate specific protocols gf,ce four-dimensional images, i.e., a stack of horizontal planes
wavelet-based noise-suppression methods on improving i@ time. A sample of sequential images of a mid-ventricular
signal-to-noise ratio (SNR) of dynamic radioactivity iARb plane derived fron$2Rb and H>O scans are shown in Fig. 1.
PET images and to demonstrate their robustness for obtainln@) Region of Interest (ROI) OperatioriThe cardiac area
precise and accurate quantitative results of myocardial Perﬁﬂhyocardium) of each PET image was grouped into ROIs. The
sion. last frame of each ventricular plane was used to determine
the position of each region. The outer and inner contours of
the heart were separated by 1.0 cm (five pixels) and centered
about the peak of myocardial circumferential activity [7]. Each
A. Subjects mid-ventricular slice was equally divided into eight sectors,
each of which was of a fan shape (Fig. 2). The pixel intensity

Eleven volunteers (five males and six females) with \i;\l/ithin each ROl was then averaged.

low probability of coronary disease were recruited. Their A two-pixel-by-two-pixel square near the center of the left

average age was forty-four. All of the volunteers were placed . . . .
. y .~ ventricular chamber w. I | Fig. 2). The mean inten-
in a Siemens ECAT-47 PET scanner and initially received entricular chamber was also selected (Fig. 2). The mean inte

Sy of th f ixels indicated th t of blood radioac-
transmission scan with germanium-68/gallium-883e/*Ga) STy 07 INese Jour pIXe's indicated the amolint ot vlood radioac

f . di A d 8TRb . _ tivity at the given frame.
or attenuation adjustments. 0se (maximum: 3) Blood and Tissue Time-Activity CurveSince blood and

0.7 mCi/kg) was infused intravenously. A seven-minute SCgfq ;e regions of interest were selected from the last frame, the
was performed (36 5-s frameﬁ eight 15-s framest four g5 me template was applied to previous frames of the mid-ven-
30-s frames). Then, a bolus of+O (maximum: 0.4 mCi/kg) yicylar plane. The radioactive intensity of pixels within each
was injected and a five-minute scan was performed (24 Jyion at any given frame was then averaged. Since there were
frames+ six 10-s framest- eight 15-s frames) (IRB# 7839, sequential frames, the average intensity of the same region over
Bergmann). These doses were meticulously selected so thatifhf constituted a time-activity curve. One or two blood curves
dead time was less than 30%. Seven of them received the sg{ae identified for each plane. A single blood time-activity
scan again several months later. The total number of studigfve that averaged all of the individual blood curves was used
performed was eighteen. as the input function in a kinetic model described below. Fig. 3
In addition to healthy volunteers, 13 patients (nine males agHows the blood and tissue time-activity curves of a selected
four females, mean age: 63) participated in this study. All gO|.
them had a history of coronary disease or myocardial infarc-The collection of tissue time-activity curves of all ROIs was
tion and were referred to Columbia Presbyterian Medical Centgfined as andbserved activity matrix.” For example, the ob-
for evaluation of myocardial viability. They only received theserved activity matrix was af x N x 48 matrix for a typical
82Rb scan at rest. THERb protocol was the same as that of th&2Rb study (8 ROIs/planéy = 6 to 10 planes/heart, 48 frames)
healthy volunteers. and an8 x N x 38 matrix for a H>O study (38 frames). Each

Il. METHODS
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Fig. 2. Last frame of a mid-ventricular plane that shows a short-axis slice of the heart. A circumferential analysis determined the center adtitigypeakia
the myocardium (middle white circle), the outer (outer white circle) and inner contour (inner white circle) of the heart. The myocardium in thiaspéapelly
divided into eight regions of interest. A square near the center of the left ventricular chamber was selected to show blood activity.

Dynamic Curves . 48 frames 48 frames
20 i
N N
2E !
SE P @ (b)
e —— Blood Curve ' . i , )
tg * 10 ) Fig. 4. An observed activity matrix was derived from a ROl operation on
s 8 L,E ~— Tissue Curve dynamic images. Typically, ad x N x 48 matrix for 32Rb studies and an
o L) 5 8 x N x 38 matrix for H;*O studies were constructed. (a) E&&hx N
o £ W submatrix recorded the global activity of the entire heart. (b) Each 48-element
0 array represented a tissue time-activity curve for a specific ROI.
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netics of*?Rb was used. As shown in Fig. 5, the two compart-
Time {minutes) ments are the extracellular space (intravascular and interstitial

space) and the intracellular space. The system is modeled by

Fig. 3. Blood (thin line) and tissue (thick line) time-activity curves of a ROthe following set of differential equations:
derived from a mid-ventricular plane off8Rb scan.

dQ(t)/dt = —(K1 + MBF)/V = Qq(¢
element contained theean intensityithin a ROI at a given @it/ (6 IV = ult)

time. Each8 x N submatrix recorded the global radioactivity + Ko # Qo(t) + MBF x Ca(?) @
of the heart in a certain frame, while each 48-element array rep- dQ2(t)/dt = K1/V % Q1(t) — K2 * Qa(2) 2
resented a@issue time-activitgurve (Fig. 4). The observed ac- Q(t) = Q1(t) + Q2(t) + SP x Ca(t). (3)
tivity matrix encapsulated the spatial relationships among ROIs

and the temporal relationships among sequential frames. The input functionCa(¢) was the time-activity curve of

4) Model Fitting: To measure myocardial flow, a two-com-the left ventricle. The output functio(¢) reported observed
partment model previously developed [19] to describe the kiegional activities derived from each dynamic image sequence.
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MBF . s
op Ct(t) (cpm/pixel) : t
MBF Freely Diffusible Space (©) (ep pxe ) tissue tracer
PP MBF concentration
Py Q,(t) (count/pixel/min) Tissue/blood partition coefficient (ml/g/min)
sp V (ml/ml) Ca(t) 0.92 vt
K (cpm/pixel) Recovery Coefficient {cpm/pixel)
1
Ca(t) (ml/g/min) fﬁmm) L7
(cpm/pixel) 3P
Metabolically Trapped Space Fig. 6. One-compartment model ofifD, used to estimate myocardial
perfusion.
Qx(t) (count/pixel/min)
Q sum over allnz observations of the squared differ-
ence between the model predictions and observed
Fig. 5. Two-compartment model 6 Rb. data:

BTW B np x np matrix whose element8? W B, ; are the
sum over allnxz observations of the weights times

Four parameters were estimateayocardial blood flon(MBF e d k
the derivative of the model response with respect

in ml/g/min), spillover (SP), forward rate constant(K1 in = e
ml/min/g), andbackward rate constanfK2 in 1/min). The to parametet times the derivative of the model re-
recovery coefficient (RC) was fixed at 0.65, a value that sponse with respect to paramefer

was found in previous®N-ammonia studies. The fraction ofOnly the diagonal elements of the inverse matrix are used for

volume distribution(V) was set to 0.75 ml/ml [6]. computing the standard error of the estimates.

To measure flow with the diffusible tracer}#D, a previ- 5) Presentation of Counts and Functional Dat&oth the
ously developed one-compartment model was used (Fig. 6). THe! Scans and the quantitative results can be presented by a
turnover rate of the tracer’s concentration is proportional to bo@!ar map (or bull's eye). A polar map is a two-dimensional

myocardial perfusion and the radioactivity gradient over the &#2-D) representation of the global activity and consists of con-
terial and venous sides of capillaries [(4) and (5)] [8] centric circles. The inner circles show activity near the cardiac

apex, and the outer circles show activity near the base. The
dQq(t)/dt = MBFIV(Ca(t) — Cu(t)) (4) right, lower, left, and upper parts of a polar map correspond to
Q(t) = Q1(t) + SP x Caft) (5) the lateral, posterior, septal, and anterior walls .of the heart.. A
count-based polar map represents the cumulative radioactivity
The input blood curveCa(t) and tissue curve(t) were (e.g., third through seventh minute {iRb scans) of the heart
derived from the ROI operation on PET images wit*’@. (Fig. 7).
The tissue/blood partition coefficient was set to 0.92 [9]. Three In addition to radioactivity counts, a polar map can be used
parameters were estimated by the one-compartment modelepresent absolute flows derived from model fitting. A “func-
myocardial blood flon{MBF, ml/g/min), recovery coefficient tional polar map” can provide quantitative information about the
(RC), andspillover (SP). amplitude and distribution pattern of flows in the heart from the
Parameters in the above two models were quantified by miirst glimpse. Fig. 8 shows an example of a functional polar map
imizing the weighted least-square error between the obsengatived from a patient'’$>Rb scan.
curve and the expected curve. The error was weighted by the
inverse of the tissue time-activity curve [20]. Euler's metho&- Wavelet Denoising Protocols
was used to integrate expected tissue curves according ta) Wavelet Representationghe multiscale expansion used
each model. The optimal estimates were found by an iteratipithis study was generated from scaling and wavelet functions
process, which was guided by Marquardt’s algorithm [21]. THe2], [23] by dyadic dilation and translation. The Fourier trans-
iteration process did not stop until convergence criteria wefgrms of the scaling and wavelet functions used in this study are
met or the number of iterations exceeded 300. shown in (7) and (8), respectively. The scaling fagtis effec-
Variation in the point estimates of the parameters waige for determining the frequency and the translation fagtor
computed as the asymptotic standard errors which were derivgdermines the localization in time or space [(9) and (10)]
from the diagonal elements of the variance-covariance matrix
&) = (sin(w/2)/(w/2))* @)

as shown below:
SF; = SQRT [Q/(nz — np) x BTW B}}'] W) = (iw)"(sin(w/4)/(w/4)* ®)

D, (1) = 27720(27t — k) (9)
where U, () = 29/20(29t — k). (10)
SE; standard error of parametéer
nT number of data points; A signalf(t) is decomposed into a weighted sum of wavelet

np number of parameters;

and scaling coefficients at a preselected number of levels of
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Fig. 7. (a) Count-based polar map of%Rb scan produced by a Siemens ECAT system and (b) regrouped after the ROI operation. The color scale represents
cumulative radioactivity in each region.

W The wavelet expansion was implemented as an “iterated filter
bank.” Scaling coefficients and wavelet coefficients at lower
[ scales were derived from the scaling coefficients at higher scales
of analysis by a convolution with Finite Impulse Response (FIR)
filters. Equations (12), (13), (14), and (15) list the discrete co-
efficients of the FIRs of the scaling and wavelet functions, re-
spectively used in this study. The impulse respdn@ae) was a
low-pass filter that generated the scaling coefficients. The im-
pulse responge(n) was a high-pass filter that produced wavelet
coefficients of lower scales from coefficients of higher scales.
The impulse respondgn) reversed the processgfn) during
synthesis. The filteh*(n) denotes the complex conjugate of
h(n) and was an FIR during synthesis. Due to the symmetry of
the low-pass filterh(—n) was used ah*(n) in a one-dimen-
H sional (1-D) operator for wavelet synthesis (reconstruction). In
dealing with a 2-D image, an additional finite impulse response
filter 1(n) was applied during synthesis to each lower frequency
channel in order to achieve amplitude normalization

oooooon n??’

BRcoEHEHESBRERIIBRER

h(—2,-1,0,1) =[0.125,0.375,0.375,0.125] (12)
Fig. 8. Functional polar map of &Rb scan that shows absolute flow 9(_1a0) = [2a _2] (13)
information derived from the two-compartment model. Colors are scaled from k(—2 ~1.0.1.2 3)
0.0 to 1.0 ml/g/min. ? PTrT
= [-0.007812 5, —0.054687 5, —0.171 817 5,
analysis and positions. In dealing with finite (windowed and 0.1718175,0.054 687 5,0.007 812 5] (24)
sampled) biological signals, an expansionf@f) can be effi- I(=3,-2,-1,0,1,2,3)

ciently computed by a discrete wavelet transform [(11)] [0.007 812 5,0.046 875, 0.117 187 5, 0.656 25
=10. 2,0, 2,0, 9, 0.656 20,

‘]1 =4 =4 =4

£t = Z 0 (k) 0.(f) + Z Z 40, (). (11) 0.1171875,0.046 875, 0.007 812 5]. (15)

k kg0 The wavelet representations used in this study were inten-

The real numbers;q are scaling coefficients at distinct lo-tionally constructed to be redundgi24]. Thus, down-sampling

cations within the lowest scalg. The arrayd,(k) contains and up-sampling were not performed during wavelet expansion
wavelet coefficients describing space-frequency information atd synthesis, respectively. The over-complete representation
scalej. The depth of multiscale analysis ranged frggnto j;  ensured shift-invariance and avoided the possible introduction
according to the number of samples. of aliasing artifacts [25]. A schematic of the general algorithm
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Expansion noise in such PET images and dynamic data so as to improve
the validity of quantification.
pl e | ! Five denoising protocols were specifically designed to re-
move noise inherent ifRb derived images and observed ac-
Chy —] g L tivity matrices.
- “Denoising protocol I” assumed that errors in the dynamic
Hiw) b curves mainly resulted from random noise in each short-axis
2-D image. Therefore, 2-D wavelet denoising was applied to
W) e 5 each®?Rb image (i.e., 48 frames for each of the 6-10 mid-ven-
tricular planes) independently. The same ROI derived from the
Synthesis original protocol was reused and a new observed activity matrix
was then reconstructed.
g —pf M) » “Denoising protocol II” assumed that errors in the dynamic
curves came from the noise in individual ROIs that fluctuated
& —>] Ka) | o > ) over time,., Therefore, in additio_n_to processiqg in “denoising
protocol I”, a 1-D wavelet denoising was applied to the blood
and tissue time-activity curves. In this protocol, teenporal
array of each ROI [as shown in Fig. 4(b)] was processed inde-
pendently.
“Denoising protocol IlI” assumed that errors in the dynamic
curves were derived from the noise that disruptedgpatial
Fig. 9. An over-complete wavelet expansion (upper) and synthesis (lowesynoothnessandcontinuity of radioactivity among the ROIs.
Traditior)al down-sampling during the expansion and up-sampling during tﬂq]erefore’ in addition to protocol I, a 2-D multiscale denoising
synthesis do not occur. . . .. .
was applied to each submatrix of each observed activity matrix
independently [Fig. 4(a)].
and discrete filters for the wavelet transform used is shown in“Denoising protocol IV* performed ordered sequential de-
Fig. 9. noising on the original image matrices, tteenporalarray, fol-
2) Wavelet Denoising AlgorithmsWe now describe the lowed by processing in thepatialdomains of each observed ac-
multidimensional denoising algorithms and protocols appligiVity matrix. Finally, “denoising protocol V" consisted of or-
in our study. The building block of such denoising algorithmdered sequential denoising on each imapatial domain pro-
was first introduced by Johnstone and Donoho [16]-[18¢essing, followed byemporaldomain processing of each ob-
[26]. Wavelet coefficients at the finest scale underwent served activity matrix (Table I).
soft thresholding operation. The *“VisuShrink” algorithm In order to show any advantage of these techniques over con-
determined a thresholgh) according to the sampling numberventional methods, classical kernels and frequency filters were
(n) and local statistics of wavelet coefficients (Egs. (16) ansimpirically selected to smooth PET images and corresponding
(17), MAD: median absolute value of wavelet modulus). Thewynamic curves. Thé&onventional protocol” was defined as
a “soft thresholding” process reduced the amplitudes of theButterworth filter with a radius of eight pixels and a reduc-
coefficients by\. Coefficients whose absolute values were lesin factor of 50% on each 64 64 PET image and a 3 3
than X were set to zero. A signal was then reconstructed withean filter in the spatial domain of each observed activity ma-

v

> —» k' (n)

A J

k2

oy — o B

the shrunken set of coefficients (18) trix (Table I). This approach was shown superior to other empir-
ical methods in achieving accurate quantification and, therefore,
A= o =sgri(2 « log(n)) (16) was chosen as a fair comparison to the state-of-the-art wavelet
o™ = MAD /0.6745 (17) protocols.

r—X z>=A\ Tissue time-activity curves in the reconstructed observed ac-
m(z) =14 0, iz <A . (18) tivity maﬁnces derived from the five denoising protocols and the
T4+ 2< = -\ conventional protocol were fitted to the same two-compartment
model to obtain flow estimates.

In the next section, we describe our multidimensional experi- Quantitative results derived from the application of each pro-
mental denoising protocols investigated in terms of quantitatit@col were evaluated according to their precision, accuracy, and
performance. differentiating capacity. In the following section, we describe

3) Denoising Protocols:The quantification process usingthe evaluation of these experiments.
82Rb images and the two-compartment model is referred as i
the “original protocol” because no denoising method wab- Performance Evaluation
applied to images and observed activity matrices. However,1) Precision: Precision of a flow estimate was defined as
as shown in Fig. 8, the flow pattern derived from the originahe ratio of the point estimate over its associated standard error.
protocol was heterogeneous and contradicted to what sho8idce protocols in eacfRb study quantified flows ir8 x
have happened in a heart. This motivated the design of AhnROIs (V : {6,7,8,9,10}, the number of mid-ventricular
experiment where wavelet denoising was applied to remopknes), there were as many estimate-to-error ratios (EERS). The



208 IEEE TRANSACTIONS ON BIOMEDICAL ENGINEERING, VOL. 48, NO. 2, FEBRUARY 2001

TABLE |
SUMMARY OF THE ORIGINAL, FIVE DENOISING PROTOCOLS AND CONVENTIONAL PROTOCOL, APPLIED TO IMAGES AND OBSERVED ACTIVITY
MATRICES (O. C.: OvER-COMPLETE)

Protocols Processing Sequence : Denoising Kernels
Denoising Strategy
Image Observed Activity Matrix
Temporal Domain Spatial Domain
Original Protocol none none ) none none
Wavelet Protocol | short-axis image o. c. wavelet no no
Wavelet Protocol 1l image -> temporal array 0. ¢. wavelet 0. ¢c. wavelet no
Wavelet Protocol Ill image -> spatial continuity 0. c. wavelet no o. c. wavelet
Wavelet Protocol IV image -> temporal -> spatial 0. c. wavelet 0. c. wavelet 0. c. wavelet
Wavelet Protocol V image -> spatial -> temporal 0. ¢. wavelet 0. ¢c. wavelet 0. c. wavelet
Conventional Protocol image -> spatial Butterworth no mean filter

median of the EERs in all ROIs was used as an indicator of pgudies are shown in Table Il. Although on average, quantifica-
cision associated with a specific protocol. tion with the original protocol only slightly overestimated my-
2) Accuracy: Flow estimates derived from eaéhRb pro- ocardial perfusionq.05 & 0.80 ml/g/min), its large variation
tocol were compared with an acknowledged “gold standardyampered accurate estimation in individual regions. The con-
i.e., reference values derived from#D studies. The means andventional protocol significantly reduced the variation between
standard deviations of all regional differences were calculatéte two approaches, but also resulted in underestimates, on av-
for comparison. erage. Denoising protocols Ill, 1V, and V, all of which involved
3) Differentiating Capacity: Quantitative results from pa- a spatial smoothing and continuity constraint on the observed
tient studies were used to evaluate the differentiating capacatgtivity matrix, reduced the standard deviation to the greatest
of each protocol. A discriminating protocol must be able to sepxtent with only a slight mean bias (Table Il). Thus, these three
arate regions with normal perfusion from ischemia. Thereforégenoising protocols could be used to measure regional flows ac-
a functional polar map must visibly show a delineation betwenirately.
normal and infarcted regions. The distribution pattern of cumu-
lative radioactivity (count-based polar map) and absolute flows Differentiating Capacity

(functional polar map) were visually compared. Pearson’s cor-gig. 7 shows a count-based polar map 6#Rb scan of a
relation between counts and flows was measured for each patient [Fig. 7(a)] produced by the Siemens ECAT system at
tient. The correlation coefficient was transformed tolue, Columbia Presbyterian Medical Center. The color code shows
as shown in (19). The values derived from different denoisingthat radioactivity is low in the apex, the anterioseptal, septal,
protocols were statistically compared with the original protoc@ld |ateral walls of the heart, i.e., relative hypoperfusion exists
using a paired-test in these regions. Fig. 7(b) represents the same count-based polar
map divided by sectors defined in the ROI operation. The func-

z=log((1+7)/(1—1)) (19) " tional polar map that presents the absolute flow estimates de-
wherer is Pearson’s correlation coefficient. rived from the original protocol and the five denoising protocols
are shown in Fig. 11. The conventional protocol was not evalu-

Il. RESULTS ated in these patients because itinvolved a mean filter smoothing

on the observed activity matrix and inevitably mixed normal
and ischemic regions. The functional polar maps derived from
The median EERs derived from the original protocol wenge original protocol, denoising protocols | and Il (upper left,
2.28 £ 0.65 (Fig. 10,7 = 17). A typical normal perfusion was upper right, and middle left panels of Fig. 11) show significantly
near 1.0 ml/g/min; therefore, its standard error ranged from 0.3drying perfusion, even among adjacent ROIs. Although flows
to 0.61 ml/g/min. The degree of uncertainty is too high to praeem higher in the lateral wall, no obvious flow pattern can be
vide valid measurements in clinical practice. Denoising protociglentified.
V resulted in the highest precisigm0.70 & 3.45) and reached  On the contrary, flow estimates with denoising protocols Il
a gain of 4.85(p < 0.001) compared with the original pro- IV, and V (middle right, lower left, and lower right panels of
tocol. With a flow of 1.0 ml/g/min, its standard error droppedFig. 11) demonstrate a similar distribution pattern to the count-
to 0.07-0.14 ml/g/min, small enough to differentiate betwe@ased polar map shown in Fig. 7. The functional polar maps

A. Precision

normal perfusion and ischemia in clinical practice. demonstrate that flow was low in the anterior, septal, and prox-
imal and distal parts of the posterior regions. Absolute values
B. Accuracy were higher in the lateral wall and some portions of the posteri-

Regional differences between the flow estimates derived frastateral wall. There was also a high visual correlation between
each®?Rb protocol and the “gold standard” obtained frog?® counts and flows; even a small hot spot in the middle level of
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Fig. 10. Box plots (meag- standard deviation) of the median EERs of flows with the original protocol (“original”), a conventional protocol (“conventional”),
and the five denoising protocols i7?Rb studies. The conventional method improved precision but not as significantly as denoising protocols IlI, IV, and V.
Denoising protocol V improved the precision to the greatest extent and achieved a gain of 4.85 compared to the original;protodui1).

TABLE I noisy. A multiscale method of analysis recovered multidimen-
82 . . . . . .
DIFFERENCES INREGIONAL FLOWS DERIVED FROM DISTINCT **Rb sional signals deeply hidden within spatial/temporal “stacks”
PROTOCOLS AND THE*GOLD STANDARD” OBTAINED FROM H2>O STUDIES. . . . . .
DENOISING ProOTOCOLSIII, IV, AND V SIGNIFICANTLY REDUCED THE of PET-acquired images. This study used dynamic PET images
STANDARD DEVIATION OF THE DIFFERENCES WITH ASMALL BIAS with 82Rb as an example to evaluate the effects of wavelet-based
signal detection/denoising for the use of physiological quantifi-
Protocols Differences catio.n.and then verified thg capag:ity of.this methoq to achieve
compared to Gold precision, accuracy, and differentiation in determining myocar-
Standard dial perfusion. A wavelet transformation has the ability to adapt
(ml/g/min, to local variation and also provides a theoretical framework for
n = 560 ROIs) - . ; ! )
Original Protocol 5.0550.80 finding a near-optimal estimate to an underlying function. We
Conventional Protocol 0112022 §howeq thqt this approach can spot and preserve rapid cha_nges
Denoising Protocol 1 -0.0620.60 in cardiac sugqals and separate affected and nonaﬁ‘ecteq regions.
Denoising Protocol 11 0.01+0.50 The denoising protocols developed and applied in this study
Denoising Protocol III 0.0620.20 assumed uncorrelated errors among pixels, in the temporal and
Denoising Protocol IV -0.030.20 spatial domains of the observed activity matrix. However, the
Denoising Protocol V -0.09+0.20

denoising performance remained satisfactory and robust even
if correlated errors existed. There are several ways to explain

the lateral wall was associated with high flow. Therefore, calfiis phenorr:jepon_ Flrlst,lthel 0r|g|ngl elrrgr—pr;]ne Zlgnals were

of these three denoising protocols maintained and discerned‘Pﬁ’gompqs_e Into multiple planes, including th@nd y axes

flow pattern in diseased hearts. of the original image matrix, the horizontal and vertical axes
The similarity between counts and flows was quantified b ong regmgs, and tr;]e templ)orlal dlre(_:tlpn. Wh&n errors are

the z transformation of Pearson’s correlation coefficients (19 lecomposed onto orthogonal planes, it is possible to manage

With the original protocol, the values of the 13 patients were hem as unco_rre_lated measures in eagh dimension. S_econd_, n
0.58-0.60. With denoising protocols IIl, IV, and V, thevalues each short-axis image, clusters of positive and negative resid-

were significantly elevatep < 0.001) (Fig. 12). These three uals were frequently observed. Therefore, the errors among

protocols which involved denoising in the spatial domain d?djf%c,e”t pixels were correlated_ according to their.geometric
the observed activity matrix improved the correlation betwedipSitions. However, when the pixels were grouped into ROIs,
counts and flows. Thus, protocols 11l IV and V also improve e residuals, viewed from either the temporal or the spatial

the differentiation between normal and hypo-perfused region imension, b_ecame normall_y distributed. The occurrence of
clustered residuals among pixels could be regarded as random

fluctuations when radioactivity was considered from a multi-
dimensional view on a region-by-region basis. Third, due to
the central limit theory, the averaging effects of pixel activities

Although PET is a powerful tool for analyzing a variety ofrom any unknown distribution become normal when repeated
physiological functions, this study demonstrated that quantiBampling is performed. Therefore, it is likely that the residuals
cation of myocardial perfusion using uncorrected dynamic ddta the spatial and the temporal dimensions of the residual
cannot produce accurate estimates when dynamic curves atvity matrix were indeed uncorrelated and normal.

IV. DISCUSSION
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Fig. 11. The functional polar maps of a sample patient derived from the original protocol and the five denoising protocols. The flow distribunehfiaiita
denoising protocols Ill, IV, and V was similar to that of the count-based polar map shown in Fig. 7.

The varying performances of the five denoising protocols Errors that perturbed spatial continuity of radioactivity
suggest that the true errors in observed activity matrices inclugimong ROIs originated from many sources. In a temporal
a major component from the spatial domain and a minor coftame of 5 s, there may be four heartbeats and one respiration
tribution from the temporal domain. Simply removing randomycle. Thus, the radioactivity of each pixel reflects an average
noise in the short-axis images (denoising protocol 1) did nof a moving object. In addition, the template of ROIs was also
improve the validity of the quantification process. Indeedy major source of error. In the ROI analysis, the same template
independent smoothing on the time-activity curve of each R@at fixed the coordinates of each selected region was applied
neither complied with the true error nor incorporated geomettio all frames. In a typical?Rb study, direct visualization of the
information and, therefore, resulted in the poor performanbteart in each frame was impossible due to the ever-changing
of denoising protocol Il and introduced bias in the first step dfacer kinetics and low SNRs. During the scan period, the
denoising protocol IV. In addition, a pseudothree-dimensionlaéart expanded, contracted, rotated, and moved in oblique di-
(1-D temporal + 2-D spatial) noise reduction, denoisingections. The application of the same template to each frame
protocol 1V, produced only slightly more precise estimates thaasults in a disruption of continuity among regions. Denoising
denoising protocol Ill. On the other hand, denoising protocprotocols Ill, IV, and V all involved a spatial smoothing of the
[ll, with only spatial noise reduction, performed as well asbserved activity matrix and effectively compensated for vio-
denoising protocols IV and V in accuracy and diagnostic céation of continuity. Thus, these three protocols significantly
pacity. Thus, we claim that the first step in denoising protocol Wnhproved the precision, accuracy, and differentiating capacity
removed most of the errors, and the second step further reduoédhe quantification process. Denoising protocol V out-per-
the distance between the tissue curve and the true underlyfagned the other two only in terms of precision with a gain
signal, yielding more precise estimates of local perfusion. of 1.50.
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Fig. 12. Box plots (meatt standard deviation) on thetransformation of correlation coefficients between cumulative counts and absolute flow estimates derived
from the original protocol and the five denoising protocols applied to each patient. The conventional protocol was not evaluated in thesecpageritsivelved

mean filtering on the observed activity matrix and mixed normal and ischemic regions. Denoising protocols IlI, IV, and V significantly increameeldtion
between counts and flow < 0.001) and, therefore, was able to describe the flow distribution in diseased hearts.

This study, for the first time, introduces principles of wavelet [4]
theory and wavelet-based denoising methods into image-based
physiological quantification. Multiscale analysis provided a
robust method for revealing functional information, in a vast
amount of spatial/temporal data. Previously, quantification of [5]
physiological function could not provide reliable functional
data because estimates of target regions appeared solitary and
unrelated to each other. Only after the application of thesel€l
denoising protocols, which removed uncorrelated noise both
in the spatial and temporal dimensions of contiguous ROISs,
could image-based quantification produce accurate and precis€!
estimates of perfusion.

V. CONCLUSION
ConcLusio i8]

This study evaluated the use of multiscale wavelet transforms
on image-based physiological quantification, and provides im-
portant information for clinical application. We demonstrated [9]
that noninvasive quantification by using dynamic PET images
with 82Rb accurately measured myocardial perfusion in human
subjects. In clinical applications, this approach should be ablgo]
to be generalized to other dynamic image modalities with sim-
ilar tracers or contrast media to quantify various physiologica[n]
or pathological processes. Continued research in the fields of
mathematics and biomedical engineering may lead to new de-
velopments in wavelet theory and applications including alterI12
native bases of expansion. Clinical use of these methods can
improve the estimation of functional parameters in a wide array
of spatial/temporal imaging modalities in medicine. [13]
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