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Background. We previously developed a deep-learning (DL) network for image denoising
in SPECT-myocardial perfusion imaging (MPI). Here we investigate whether this DL network
can be utilized for improving detection of perfusion defects in standard-dose clinical acquisi-
tions.

Methods. To quantify perfusion-defect detection accuracy, we conducted a receiver-op-
erating characteristic (ROC) analysis on reconstructed images with and without processing by
the DL network using a set of clinical SPECT-MPI data from 190 subjects. For perfusion-defect
detection hybrid studies were used as ground truth, which were created from clinically normal
studies with simulated realistic lesions inserted. We considered ordered-subset expectation-
maximization (OSEM) reconstruction with corrections for attenuation, resolution, and scatter
and with 3D Gaussian post-filtering. Total perfusion deficit (TPD) scores, computed by
Quantitative Perfusion SPECT (QPS) software, were used to evaluate the reconstructed images.

Results. Compared to reconstruction with optimal Gaussian post-filtering (sigma = 1.2
voxels), further DL denoising increased the area under the ROC curve (AUC) from 0.80 to 0.88
(P-value < 1024). For reconstruction with less Gaussian post-filtering (sigma = 0.8 voxels), thus
better spatial resolution, DL denoising increased the AUC value from 0.78 to 0.86 (P-
value < 1024) and achieved better spatial resolution in reconstruction.

Conclusions. DL denoising can effectively improve the detection of abnormal defects in
standard-dose SPECT-MPI images over conventional reconstruction. (J Nucl Cardiol 2021)

Key Words: SPECT-MPI Æ post-reconstruction filtering Æ deep learning Æ noise-to-noise
training
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Abbreviations
SPECT Single-photon emission computed

tomography

MPI Myocardial perfusion imaging

LV Left ventricular

OSEM Ordered-subset expectation-maximization

AC Attenuation correction

SC Scatter correction

RC Resolution correction

AUC Area under the ROC curve

TPD Total perfusion deficit

DL Deep learning

INTRODUCTION

Myocardial perfusion imaging (MPI) with single-

photon emission computed tomography (SPECT) is

among the most utilized non-invasive cardiac imaging

modality in the diagnosis of coronary artery disease

(CAD). SPECT-MPI can provide important information

about the heart muscle and allow for an objective

assessment of the health of the myocardium.1 Owing to

ionizing radiation safety concerns, the amount of radio-

pharmaceutical that can be administered to the patient is

limited. As a consequence, the images can suffer from

low count statistics and noise, leading to potential

misdiagnosis.2

To suppress the noise, advanced iterative recon-

struction with post-reconstruction filtering has been

employed for cardiac SPECT reconstruction.3–5 Studies

show that such post-reconstruction filtering (e.g., 3D

Gaussian post-filtering) can significantly improve the

accuracy in detection of perfusion defects in SPECT

images. With post-reconstruction filtering there is

inevitably a trade-off between the amount of noise

suppression and preservation of diagnostic image details

in the reconstructed images. Consequently, optimizing

the filtering applied after reconstruction can benefit the

diagnostic performance in clinical applications.2

Recently, deep-learning (DL) methods have been

reported in the literature for denoising in various

imaging modalities, including low-dose CT studies,6

digital breast tomosynthesis (DBT),7 and low-dose PET

images.8 In our previous study,9 a convolutional autoen-

coder (CAE) network was demonstrated to be effective

for improving the detectability of perfusion defects in

low-dose SPECT images. In these denoising methods, a

DL network was trained with example image pairs

consisting of a noisy input image and a (noise-free)

target output image. With clinical acquisitions the

ground-truth (noise-free) images are not available, and

as an alternative, acquisitions from standard-dose

studies are often used as the learning target for low-

dose studies.9

To exploit the potential power of DL filtering for

noise suppression in full-dose SPECT studies, we

recently developed a DL network using a so-called

noise-to-noise (N2N) training strategy.10 To deal with

the challenge in the lack of noise-free training target, we

generated many bootstrapped samples from the list-

mode data in clinical acquisitions and used them to form

input-output pairs for training the DL network. The

network was then optimized to predict the common

signal component between the input-output image pairs

as they were simply different noise realizations of the

same subject.11 It was demonstrated that the resulting

DL network can effectively suppress the noise level

while preserving the spatial resolution of the left

ventricular (LV) wall in the reconstructed images.10

Encouraged by the denoising performance of this

approach,10 in this study we investigate the potential

benefit of applying DL denoising for the clinical task

of perfusion-defect detection with standard-dose acqui-

sitions. Our goal is to quantify how the improved

denoising performance by the DL network may trans-

late to a meaningful improvement in perfusion-defect

detection accuracy for clinical acquisitions. For this

purpose, in the experiments we evaluated the perfor-

mance of perfusion-defect defection in the

reconstructed images with DL denoising, for which

we conducted a receiver-operating characteristic (ROC)

study based on simulated known perfusion defects. For

perfusion-defect detection, we employed the total

perfusion deficit (TPD) score from Quantitative Perfu-

sion SPECT (QPS) package (Cedars-Sinai)12,13 as our

clinical model observer. We also compared the DL

denoising approach with conventional 3D Gaussian

post-reconstruction filtering as previously optimized for

SPECT-MPI using TPD.5

MATERIALS AND METHODS

Data Acquisition

This study made use of imaging data acquired from a total

of 1,050 consecutive cases (508/542 male/female; body mass

index (BMI): 32.35 ± 6.72 kg/m2; age: 62.13 ± 11.03 years)

with informed consent under institutional review board (IRB)

approval. These cases were all acquired on a Philips Bright-

View SPECT/CT system with Tc-99m sestamibi from 2013 to

2018 at the University of Massachusetts Medical School. The

SPECT/CT system was configured with two camera heads at

90� apart. Sixty four projection angles over 180� were

acquired. The acquired data were framed in 128 9 128

projection matrices with pixel size equal to 4.66 mm. Prior

to emission imaging, cone-beam CT imaging was performed (5

mAs, 120 kVp, 300 projections in 60 seconds) to obtain
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attenuation correction (AC) maps.14 In addition, for scatter

correction (SC), the triple energy window (TEW) method was

used.15 The primary energy window was centered at 140 keV

with a 15% width and the scatter window was centered at 121

keV with a 4% width.

In the study, the imaging data were divided into two non-

overlapping subsets: (1) subset A with 860 subjects used

exclusively in the development of the DL denoising network,10

and (2) subset B with 190 subjects used exclusively for

performing the analysis of perfusion-defect detection perfor-

mance on the reconstructed images. This was to ensure that the

subjects for performance assessment were never seen by the

denoising network during its training phase.

Among the 860 cases in subset A, 488 were read as

having normal or somewhat normal perfusion and 372 were

read as having abnormal perfusion during clinical evaluation.

This was to ensure that the DL network was properly trained

with example images of both normal and abnormal cases as

well as with inter-subject variability observed clinically. In this

study, 739 patients were used for training the DL network and

121 patients for validation. To avoid overfitting, we optimized

parameters in the network (e.g., number of U-Nets, number of

feature maps in each convolutional layer) based on the

validation set. Further details on the characteristics of these

cases can be found in Ref.10

Subset B was chosen to comprise the same 190 subjects as

in the previous study5 for the purpose of comparison. As

detailed previously5 all these 190 subjects were read as normal

during clinical evaluation, among which 72 were used to

generate ‘hybrid’ studies which serve as the ground truth for

perfusion defects and the rest 58 were used as normal studies in

perfusion-defect detection. Herein, a hybrid study refers to a

combination of the normal myocardium of a subject with an

introduced synthetic perfusion defect. The latter was generated

in the following steps: first, from the LV polar map of the

reconstructed normal study a region of interest (ROI) repre-

senting a perfusion defect was manually defined; next, this

defect ROI was inversely transformed from the polar map to

the projection (or sinogram) data.16 To simulate variations as

observed in clinical studies, both the size and location of the

introduced perfusion defects were varied randomly among the

left-anterior-descending coronary artery (LAD), right coronary

artery (RCA), and left circumflex (LCX) vascular territories

according to their clinical relevance.5 In addition, to further

vary the detectability of perfusion defects, each defect was

introduced with four contrast levels (65%, 50%, 35%, and

20%). The contrast level is the reduction fraction in count-

density in the LV wall relative to normal regions.

Image Reconstruction with DL Denoising

In this study, we employed the iterative OSEM algorithm

to reconstruct the perfusion images of each subject. For best

performance, distance-dependent resolution recovery,17 atten-

uation correction14 (AC), and scatter correction using triple

energy window (TEW) method15 were all included during

reconstruction. The number of subsets was 16, and the number

of iterations was 12. For noise suppression, 3D Gaussian post-

reconstruction filtering was applied, for which the width

parameter of 3D Gaussian post-filtering was set to r ¼ 1:2
voxels (or 5.59 mm). Note that these reconstruction parameters

were based on the optimization results on perfusion-defect

detection performance5 (referred to as optimal setting here-

after). Our goal is to demonstrate whether DL denoising can

further improve the perfusion-defect detection accuracy upon

reconstruction with optimal setting.

For further noise reduction, the reconstructed images were

subsequently processed by a DL network; for this purpose, a

3D couple U-Net (CU-Net)10,18 was used, which was previ-

ously trained and optimized using the cases in subset A above

for denoising SPECT images.10 The CU-Net consists of 4

modified 3D single U-Nets, wherein the individual U-Nets are

inter-connected for sharing feature maps among them in order

to reduce the redundancy in learning.18 More details of this

CU-Net and its optimization can be found in Ref.10

In addition, to demonstrate the benefit and versatility of

DL denoising, we also considered OSEM reconstruction with

less smoothing in the 3D Gaussian post-filtering

r ¼ 0:8 voxels; or 3:73mmð Þ before further DL denoising.

With less smoothing, the noise level will be increased in the

reconstructed images, but spatial resolution will be better

preserved. Thus, with additional DL denoising applied after-

ward, it potentially can allow evaluation of the reconstructed

images at a better spatial resolution. For this purpose, the CU-

Net was retrained for reconstruction with 3D Gaussian post-

filtering with r ¼ 0:8 voxels.10 This also allowed us to

demonstrate DL denoising in terms of defect detection by

the TPD observer on noisier images.

Assessment of Perfusion-Defect Detection
Performance

To evaluate the performance of DL denoising, we

performed ROC analysis to quantify the detectability of

perfusion defects in the reconstructed images. To measure

the presence of perfusion defects, the TPD score was obtained

for each case by using the Quantitative Perfusion SPECT

(QPS) package (Cedars-Sinai).12,13 The TPD score measures

both the severity and extent of a perfusion defect, and has been

found to correlate well with clinical interpretations in the

previous validation studies.14 For a given patient the TPD

score is calculated by comparison to a set of normal limits in

polar-map coordinates.13 In this study, 60 normal cases (30/30

males/females) were set aside from the cases in subset B to

serve as the gender-specific reference database (i.e., normal

limits) for the QPS observer.

For the ROC analysis, the remaining 130 studies in subset

B were used as the normal class, whereas the hybrid studies

with introduced defects were used as the ground truth for

defect class. Note that none of these studies in the ROC

analysis overlapped with any of the cases in the reference

database. The TPD score for each study was used as the

observer rating as to the presence of a perfusion defect. These

scores were then used in the ROC analysis to quantify the

detection performance (implemented with scikit-learn19) in

terms of the area under the ROC curve (AUC). For statistical
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analysis, 1000 bootstrap samples were generated based on the

TPD scores, from which the mean and standard deviation of

the AUC values were obtained. Paired t-test was performed

when comparing the AUC values of two different methods

(e.g., with vs without DL denoising), based on which the P-
values were obtained. For fair comparison, the cases in the

reference database were processed in the same way as the

studies in the ROC analysis for each reconstruction and

processing method. For example, when DL filtering was

applied to OSEM reconstruction with optimal smoothing r ¼
1:2 voxels, the reference cases were also reconstructed with

r ¼ 1:2 voxels and subsequently processed with DL filtering.

To summarize the overall detection performance, the

ROC analysis was performed by considering altogether the

TPD scores for all the contrast levels of the perfusion defects.

To further analyze the detection performance achieved by DL

processing on defects of variable detectability, we also

performed ROC analysis separately for the individual contract

levels (65%, 50%, 35%, and 20%).

RESULTS

Image Reconstruction with Optimal
Smoothing

Figure 1 shows the perfusion-defect detection

results obtained with DL filtering for OSEM reconstruc-

tion with optimal Gaussian post-filtering (r ¼ 1:2
voxels), where the ROC curve was shown. For compar-

ison, the ROC curve is also shown for reconstruction

without DL filtering. These results were obtained from

the average of ROC curves over 1000 bootstrap samples

of the TPD scores. As can be observed from Figure 1,

DL filtering by CU-Net yields a higher ROC curve

(AUC = 0.88 ± 0.02) than optimal Gaussian post-

filtering (AUC = 0.80 ± 0.02; P-value \ 10-4). This

indicates that processing by CU-Net can further improve

the detection accuracy of perfusion defects over recon-

struction with optimal Gaussian post-filtering as judged

by the TPD numerical observer.

Furthermore, Figure 2 shows the detection of AUC

results obtained separately for individual contrast levels

of the perfusion defects (65%, 50%, 35%, and 20%)

with and without DL filtering, respectively. As in

Figure 1, here the mean and standard deviation values

of the AUC were obtained with 1000 bootstrap samples

of the TPD scores. It is observed from Figure 2 that DL

filtering yields a higher AUC value than Gaussian post-

filtering at each of the four contrast levels (P-value\
10-4); in particular, a bigger improvement in AUC is

observed for defects with lower contrast levels (20% and

35%; p-value \ 10-4). These results indicate that DL

filtering can be even more effective for improving the

detectability of perfusion defects of lower contrast.

As an example, Figure 3 shows the reconstructed

images from a female subject in the ROC analysis in

short-axis (SA) slices as well as in polar map; in

addition, the severity polar map (from QPS) is also

shown to indicate the presence of potential perfusion

defects. The severity polar map shows the deviations

below the normal mean values at different locations on

the polar map (from the reference database). For

comparison, the images are shown for reconstruction

with optimal Gaussian post-filtering in Figure 3A, and

with additional DL filtering in Figure 3B. There was a

perfusion defect introduced in the LCX ? RCA territory

(as indicated by arrows) in the hybrid studies of this

subject. As can be observed, the LV wall appears more

uniform in Figure 3B in the normal study as well as in

the normal regions in the hybrid studies than that in

Figure 3A. This was also reflected by the TPD scores

obtained by QPS. For the normal study, the TPD score

was 0.6% with DL filtering and lower than that without
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Figure 1. ROC curves obtained with or without additional DL
filtering on OSEM reconstruction with optimal Gaussian post-
filtering (r ¼ 1:2 voxels). These results were obtained from
1,000 bootstrap samples of the TPD scores (N = 418). The
AUC is 0.88 ± 0.02 with DL filtering and 0.80 ± 0.02 with
Gaussian post-filtering.
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Figure 2. AUC values obtained with or without DL filtering
on OSEM reconstruction with optimal Gaussian post-filtering
(r ¼ 1:2 voxels) over different contrast levels (20%, 35%,
50%, and 65%) of the perfusion defects. For each contrast level
a higher AUC value was achieved with DL filtering (P-value\
10-4).
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DL filtering (TPD = 1.6%). In the hybrid studies, DL

filtering yielded a higher TPD score than its counterpart

in Figure 3A for each of the four contrast levels. In

addition, the LV wall shape and spatial resolution in

Figure 3B appear to be consistent with that in Fig-

ure 3A, indicating that additional DL filtering did not

cause noticeable distortion to the reconstructed LV wall.

Similarly, Figure 4 shows the reconstructed images

from a male subject in the ROC analysis, in which a

perfusion defect was introduced in the LCX territory for

the hybrid studies. As in the results in Figure 3 above,

the LV wall appears more uniform with DL filtering in

Figure 4B in the normal study as well as in the normal

regions in the hybrid studies than in Figure 4A. DL

filtering also yielded a higher TPD score at each of the

four defect contrast levels in the hybrid studies than

optimal Gaussian post-filtering.

Image Reconstruction with Less Smoothing

Figure 5 shows the ROC results on perfusion-defect

detection with DL filtering applied to OSEM recon-

struction with less Gaussian post-filtering (r ¼ 0:8
voxels). As in the case of optimal Gaussian smoothing

earlier in Figure 1, DL filtering yielded a higher ROC

curve (AUC = 0.86 ± 0.02) than that of Gaussian post-

filtering (AUC = 0.78 ± 0.02; P-value \ 10-4).

Furthermore, in Figure 6 we show the ROC values

Normal

20% 
Contrast

35% 
Contrast

50% 
Contrast

65% 
Contrast

Polar
map

Severity  
map

Normal

20% 
Contrast

35% 
Contrast

50% 
Contrast

65% 
Contrast

A

B

Figure 3. Example images of subject #1 (female, age = 69, BMI = 25.8) obtained by: A OSEM
reconstruction with 3D Gaussian post-filtering (r ¼ 1:2 voxels), and B DL filtering with 3D CU-
Net. There was a perfusion defect introduced in the LCX?RCA territory (indicated by arrows) in
the hybrid studies. The images are shown in short-axis, polar map and severity polar map. In each
panel, the rows from top to bottom correspond to reconstructions without defect present and four
levels of defect contrast (20%, 35%, 50%, and 65%). For A, the corresponding TPD scores from top
to bottom rows are 1.6%, 4.4%, 7.0%, 10.1%, and 12.9%, respectively. For B, the corresponding
TPD scores are 0.6%, 5.2%, 8.0%, 10.6%, and 13.1%, respectively. The horizontal color bar
indicates the color scale used for the image intensity range (0 to 100 percent maximum).
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obtained with DL filtering (and without DL filtering for

comparison) for individual contrast levels of the perfu-

sion defects. It is noted that DL filtering achieved

improvement in AUC for each of the four contrast levels

(P-value\10-4, paired t-test), with improvement being

higher for lower contrast levels.

As an example, in Figure 7 we show the recon-

structed images of a normal subject (female, age = 63,

BMI = 24.9) in the ROC analysis. For comparison, the

images are shown for reconstruction with smoothing

level r ¼ 0:8 voxels in Figure 7B and reconstruction

with optimal smoothing r ¼ 1:2 voxels in Figure 7A.

As can be seen, the reconstructed LV wall with Gaussian

post-filtering appears a bit more noisy in Figure 7B than

in its counterpart in Figure 7A. With DL filtering in

Figure 7B, the LV wall becomes more uniform while

without suffering from noticeable resolution loss. This

was also reflected in their TPD scores: 1.8% for DL

filtering and 2.9% Gaussian post-filtering. Furthermore,

it can also be noted that, thanks to less spatial smooth-

ing, the reconstructed LV wall in Figure 7B suffers from

less spill-in effect from nearby extra-cardiac activities.

Similarly, Figure 8 shows the reconstructed images

from a male subject (age = 61, BMI = 27.9) which was

clinically read as having normal perfusion. This subject

was from subset A (used in the validation of the DL

network), and there are pronounced subdiaphragmatic

activities present near the LV in the reconstructed
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Figure 4. Example images of subject #2 (male, age = 48, BMI = 25.8) obtained by: A OSEM
reconstruction with 3D Gaussian post-filtering (r ¼ 1:2 voxels), and B DL filtering with 3D CU-
Net. There was a perfusion defect introduced in the LCX territory (indicated by arrows) in the
hybrid studies. The images are shown in short-axis, polar map and severity polar map. In each
panel, the rows from top to bottom correspond to reconstructions without defect present and four
levels of defect contrast (20%, 35%, 50%, and 65%). For A, the corresponding TPD scores from top
to bottom rows are 0.6%, 1.4%, 3.7%, 6.0%, and 7.6%, respectively. For B, the corresponding TPD
scores are 0.5%, 1.9%, 5.4%, 7.5%, and 9.7%, respectively. The color bar indicates the color scale
used for the image intensity range (0 to 100% maximum).
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images. With less post-filtering in Figure 8B, the LV

wall is better separated from the subdiaphragmatic

activities, but suffers from much elevated noise. This

elevated noise is noted to be somewhat suppressed with

DL filtering.

In our implementation it took less than 1 second for

the DL network to process each subject (NVIDIA

GeForce GTX 1080 Ti 12G GPU); in comparison, the

OSEM reconstruction took about 4 minutes for each

subject (AMD Opteron Processor 6320 CPU).

DISCUSSION

In this study, we investigated the use of a DL

network pre-trained from our previous study10 for post-

reconstruction denoising in SPECT-MPI images. In

particular, we evaluated whether applying DL filtering

can lead to a meaningful improvement on the

detectability of perfusion defects in reconstructed

images. For this purpose, we considered iterative OSEM

reconstruction with all corrections for attenuation, res-

olution, and scatter and Gaussian post-filtering (r ¼ 1:2
voxels) in which the parameters were previously opti-

mized for the task of perfusion-defect detection. Our

results demonstrated that DL filtering can further

improve the detection accuracy in the reconstructed

images, with AUC increased significantly from 0.80 ±

0.02 to 0.88 ± 0.02 (P-value \ 10-4; Figure 1). A

potential concern with a post-filtering algorithm is that,

while it can be effective for removing image noise, it

may also adversely impact the detection accuracy when

perfusion defects are low in contrast. However, a further

analysis using ROC (Figure 2) reveals that DL filtering

can be particularly effective for lower contrast defects

(with contrast level being as low as 20%). This indicates

that the DL network can preserve the presence of

perfusion defects even when their contrast level is low.

This was also observed in the sample images shown in

Figures 3 and 4.

In addition, we further investigated DL filtering for

reconstruction with less Gaussian post-filtering

(r ¼ 0:8voxels). Given the excellent denoising perfor-

mance by the DL network, it may afford us to evaluate

the reconstructed images at a higher resolution, albeit at

the cost of potentially increased noise. Indeed, the DL

network achieved AUC = 0.86 ± 0.02 in this recon-

struction setting, which is slightly lower than the best

value of 0.88 ± 0.02 achieved by DL filtering above.

However, this AUC value is still notably higher than

reconstruction with optimal Gaussian post-filtering

(AUC = 0.80 ± 0.02; P-value\10-4). This is observed

to be potentially beneficial for images where the LV

suffers from ‘‘mixed-in’’ effects due to subdiaphrag-

matic activities (Figures 7, 8). With less spatial blurring,

DL denoising can yield a better separation between the

LV wall and the extra-cardiac activities.

In this study, the reference databases for the QPS

observer were regenerated for each reconstruction

method. This was to accommodate the fact that the

statistical characteristics of reconstructed images typi-

cally vary with the reconstruction method used. Thus,

the reference databases are desired to be reconstructed in

the same way as the study images when comparing two

reconstruction methods.5,13 In addition, even with AC

applied the reconstructed image characteristics (e.g.,

heart size) may still differ between genders. Therefore,

the reference databases were kept to be gender specific

in order to avoid any potential gender bias.

In recent years, noise regularization has been

applied as a technique for improving DL network

training. The noise-to-noise (N2N) training employed in

the DL network for this study essentially has a similar
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Figure 5. ROC curves obtained with or without DL filtering
on OSEM reconstruction with less Gaussian post-filtering
(r ¼ 0:8 voxels). These results were obtained from 1,000
bootstrap samples of the TPD scores (N = 418). The AUC is
0.86 ± 0.02 with DL filtering and 0.78 ± 0.02 with Gaussian
post-filtering.
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Figure 6. AUC values obtained with or without DL filtering
on OSEM reconstruction with less Gaussian post-filtering
(r ¼ 0:8 voxels) over different contrast levels (20%, 35%,
50%, and 65%) of the perfusion defects. For each contrast
level, a higher AUC value was achieved with DL filtering (P-
value\ 10-4).
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effect to noise regularization, wherein multiple noise

realizations from the same case were used to train the

network.10

One limitation in this study is that we only

considered OSEM reconstruction with all corrections

for degrading factors including attenuation, depth-de-

pendent blur, and scatter. For sites using reconstruction

without incorporating all such corrections, it would be

desirable to further investigate DL denoising for the

adopted reconstruction strategy accordingly (e.g., lack

of attenuation correction). However, in order to achieve

best performance, it is desirable for the DL network to

be retrained and optimized on images obtained with the

corresponding reconstruction strategy accordingly.

Unlike in conventional Gaussian post-filtering, this can

be computationally much more demanding. This is

because the DL network was trained on clinical acqui-

sitions for which the ground-truth images are not

available; to deal with this challenge, the DL network

was trained on reconstructions from multiple boot-

strapped samples (10 of them) of the list-mode

acquisitions of each subject.10 Performing iterative

Gaussian

CU-Net

Gaussian

CU-Net

Polar map
A

B

Figure 7. Example images of subject #3 (female, age = 63, BMI = 24.9) obtained with or without
DL filtering on OSEM reconstruction: A with optimal 3D Gaussian post-filtering (r ¼ 1:2 voxels),
and B with less 3D Gaussian post-filtering (r ¼ 0:8 voxels). The subject was clinically interpreted
as having normal perfusion. For A, the TPD scores for top and bottom rows are 1.3% and 1.17%,
respectively. For B, the TPD scores for top and bottom rows are 2.9% and 1.8%, respectively. The
color bar indicates the color scale used for the image intensity range (0 to 100% maximum).

Gaussian

Gaussian

CU-Net

CU-Net

Polar map
A

B

Figure 8. Example images of subject #4 (male, age = 61, BMI = 27.9) obtained with or without DL
filtering on OSEM reconstruction: A with optimal 3D Gaussian post-filtering (r ¼ 1:2 voxels), and
B with less 3D Gaussian post-filtering (r ¼ 0:8 voxels). The subject was clinically interpreted as
having normal perfusion. The color bar indicates the color scale used for the image intensity range
(0 to 100% maximum).
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reconstructions on these many noise realizations for a

new reconstruction strategy on all the training cases can

be extremely time consuming. Fortunately, once training

is done, the DL network can be very fast for subsequent

processing of reconstructed images.

CONCLUSIONS

In this study, we evaluated the potential benefit of

applying a DL network for post-reconstruction denois-

ing for the clinical task of perfusion-defect detection in

standard-dose acquisitions. The DL denoising network

achieved a significantly higher defect-detection AUC

than that of conventional Gaussian post-filtering, and

was observed to be particularly beneficial for perfusion

defects with low contrast. DL denoising was also

observed to improve the uniformity in the reconstructed

LV wall. With its demonstrated denoising performance,

the DL network may afford reconstruction with less

post-reconstruction filtering, leading to a higher spatial

resolution in the reconstructed LV while also improving

the detection accuracy of perfusion defects.

NEW KNOWLEDGE GAINED

To our best knowledge, this paper demonstrated for

the first time that a DL denoising network trained on

clinical acquisitions (without noise-free ground truth)

can significantly improve the detection accuracy of

perfusion defects in standard-dose studies. Compared to

conventional Gaussian post-filtering, DL denoising can

be more effective in preserving the presence of low-

contrast perfusion defects while suppressing the imaging

noise. The DL denoising network is also efficient to

implement, taking less than a second on a GPU for

processing each patient.
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