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Abstract

Purpose: Recently, deep learning-based methods have been established to denoise the low-count
PET images and predict their standard-count image counterparts, which could achieve reduction of
injected dosage and scan time, and improve image quality for equivalent lesion detectability and
clinical diagnosis. In clinical settings, the majority scans are still acquired using standard injection
dose with standard scan time. In this work, we applied a 3D U-Net network to reduce the noise of
standard-count PET images to obtain the virtual-high-count (VHC) PET images for identifying the
potential benefits of the obtained VHC PET images.

Methods: The training datasets, including down-sampled standard-count PET images as the
network input and high-count images as the desired network output, were derived from 27 whole-
body PET datasets, which were acquired using 90-minute dynamic scan. The down-sampled
standard-count PET images were rebinned with matched noise level of 195 clinical static PET
datasets, by matching the normalized standard derivation (NSTD) inside 3D liver region of
interests (ROIs). Cross-validation was performed on 27 PET datasets. Normalized mean square
error (NMSE), peak signal to noise ratio (PSNR), structural similarity index (SSIM), and standard
uptake value (SUV) bias of lessons were used for evaluation on standard-count and VHC PET
images, with real-high-count PET image of 90 minutes as the gold standard. In addition, the
network trained with 27 dynamic PET datasets was applied to 195 clinical static datasets to
obtain VHC PET images. The NSTD and mean/max SUV of hypermetabolic lesions in standard-
count and virtual high-count PET images were evaluated. Three experienced nuclear medicine
physicians evaluated the overall image quality of randomly selected 50 out of 195 patients’
standard-count and VHC images and conducted 5-score ranking. A Wilcoxon signed-rank test was
used to compare differences in the grading of standard-count and VHC images.

Results: The cross-validation results showed that VHC PET images had improved quantitative
metrics scores than the standard-count PET images. The mean/max SUVs of 35 lesions

in the standard-count and true-high-count PET images did not show significantly statistical
difference. Similarly, the mean/max SUVs of VHC and true-high-count PET images did not
show significantly statistical difference. For the 195 clinical data, the VHC PET images had
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a significantly lower NSTD than the standard-count images. The mean/max SUVs of 215
hypermetabolic lesions in the VHC and standard-count images showed no statistically significant
difference. In the image quality evaluation by three experienced nuclear radiologists, standard-
count images and VHC images received scores with mean and standard deviation of 3.34+0.80
and 4.26+0.72 from Physician 1, 3.02+0.87 and 3.96+0.73 from Physician 2, and 3.74+1.10 and
4.58+0.57 from Physician 3, respectively. The VHC images were consistently ranked higher than
the standard-count images. The Wilcoxon signed-rank test also indicated that the image quality
evaluation between standard-count and VHC images had significant difference.

Conclusions: A deep learning method is proposed to convert the standard-count images to the
VHC images. The VHC images have reduced noise level. No significant difference in mean/max
SUV to the standard-count images is observed. VHC images improve image quality for better
lesion detectability and clinical diagnosis.

Introduction

Positron emission tomography (PET) is a nuclear medicine imaging modality that produces
3D in-vivo observation of the functional process in the body. It has been widely applied in
clinic for the diagnosis of various diseases in oncology?, neurology?= and cardiology*:>:6.

In spite of the immediate benefits of PET, the injection of radioactive tracer exposes patients
and healthcare providers to ionizing radiation. Therefore, the dose needs to be kept as low
as reasonably achievable (ALARA) in clinical practice’. However, reducing the injection
dose could reduce the number of detected photons. This further compromises PET image
quality with increased image noise and decreased signal-to-noise ratio (SNR), subsequently
affecting diagnostic efficacy and quantitative accuracy, as noise could easily results in bias
of mean and maximum standard uptake value (SUVmean and SUVmax)8. In oncological
PET, higher image noise can cause substantial bias on SUVmean and overestimation of
SUVmax, causing lesion quantification errors®10, The same challenge of increased noise
also applies to data of shortened scan time and obese patients.

To reduce PET image noise, numerous within-reconstruction and post-processing
approaches have been developed. Many penalized likelihood reconstruction approaches have
been proposed to incorporate a prior distribution of the image, such as total variation!1, and
entropyl2. However, the optimization function and hyper-parameter tuning are difficult to
choose in different applications. Among post-processing PET image denoising approaches,
Gaussian filtering is the most commonly used denoising technique but with the cost of
image blurring or loss of details. Many alternatives, such as non-local mean (NLM)

filter with or without anatomical information3-14, block-matching 3D filters1®, curvelet

and wavelet16:17.18 'have been proposed to provide a significant reduction of noise while
preserving important structures.

Recently, artificial intelligence (Al) using deep learning (DL) have been established to
convert the low-count PET images to their standard-count image counterparts!®. These
methods usually employed a deep convolutional neural network (CNN) with a supervised
training scheme using low-count and standard-count PET image pairs as training data.
Such image pairs can be generated by performing rebinning on the standard-count list-
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mode data with a specific down-sampling rate. A variety of network architectures have

been utilized, such as deep auto-context CNN20, encoder-decoder residual deep network?1,
U-Net network?22:23.24.25.26 generative adversarial network (GAN)?27:28.29,30,31,32,33,34
Unsupervised PET denoising methods have also been explored in the scenario of obtaining
clean PET images infeasible due to the injection dose limits, body motions, or short half-life
of radio-tracer3:36.37,38.39,

Studies have demonstrated that the deep learning-based methods outperformed the than

the state-of-the-art conventional denoisers and the Al-enhanced low-count PET images

have reduced noise level and increased contrast-to-noise ratio when compared with their
low-count counterparts. In40:41:42:43,44.4546,47 they reported that the Al-enhanced low-count
PET images have equivalent lesion detectability and clinical diagnosis as the standard-count
PET images. For instance, Xu et al.¢ used an FDA-cleared Al-based proprietary software
package SubtlePET™ to enhance the low-dose noisy PET images of lymphoma patients

and reported that the standard-count and Al-enhanced low-count PET images led to similar
lymphoma staging outcomes based on the assessments by two nuclear radiologists. Katsari
et al.*” also used the same software package to process 66%-count PET images. Their
results showed that there was no significant difference between the Al-enhanced low-dose
images and standard-count images in terms of lesion detectability and SUV-based lesion
quantification.

While most prior studies denoised low-count PET images to the level of standard-count
PET images, to our best knowledge, there is no study on noise reduction of standard-count
PET images to obtain virtual-high-count (VHC) PET images. The primary obstacle is the
challenge of obtaining high-count PET images as training label, as such high-count images
can only be obtained by injecting more radiotracer into patient that is not ethical, scanning
longer that is not clinically feasible, or scan using ultra-high-sensitivity scanner that is not
widely available. In this paper, we took advantage of 90-minute dynamic PET data and
utilized a deep learning-based method to obtain virtual-high-statistics PET images from the
typical clinical standard-count PET images. The obtained VHC PET images were evaluated
in terms of the change of noise and SUVs, to identify the benefits of the obtained VHC PET
images.

Materials and Methods

IILA. Study Datasets

Two groups of human PET datasets were used in this study.

For network training, we included data of 27 subjects (female: 10, male: 17, age: 5614
years) who underwent 18F-FDG PET/CT scan on a Siemens Biograph mCT scanner at Yale
PET Center. The injected dose ranged from 255.7 MBq to 380.4 MBq, with mean and std
334.5+32.1 MBq. The patients’ body mass index (BMI) ranged from 21.7 kg- m? to 37.2
kg- m2. Each subject underwent a continuous-bed-motion (CBM) 19 passes dynamic whole-
body scan of 90 minutes immediately following tracer injection. Although the data were
acquired for the dynamic study, we generated a high-count prompt sinogram by combining
the list-mode data of all passes. The images were reconstructed with the Siemens E7 tool
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using the time-of-flight (TOF) ordered subset expectation maximization (OSEM) algorithm
(2 iterations and 21 subsets) with corrections for random, attenuation, scatter, normalization,
and decay. The voxel size was 4.0x4.0x3.0 mm3. Gaussian filter with a 5mm 3D filter kernel
was applied. The reconstructed images were converted to SUV images based on the injected
dose and patient weight.

For evaluation, we included 195 (male 122, female 73) standard-count clinical 18F-FDG
datasets acquired on a Siemens Biograph mCT PET/CT scanner at Yale-New Haven
Hospital. The data were acquired with single pass using continuous bed motion. The
targeted post-injection times for clinical scans was 60 minutes. The injected dose ranges
from 303.4 MBq to 436.6 MBq, with mean and standard deviation of 370.0£29.6 MBq.
Table.1 outlines the clinical characteristics of the patients, including age, weight, height, and
BMI. The images were reconstructed using the same reconstruction settings as above, using
the Siemens E7 tool with the TOF OSEM algorithm (2 iterations and 21 subsets), voxel size
4.0x4.0x3.0 mm?3 and a 5-mm 3D Gaussian post-filtering.

I1.B. Count Level Estimation

For network training, it is important to match the noise level of training input images with
the noise level of the clinical PET data to achieve the best network performance?8. We used
the normalized standard derivation (NSTD) inside a spherical region of interest (ROI) with
radii of 4x4x5 voxels in healthy liver parenchyma as the metric to measure the image noise.
It is defined as

(Zi1,= 1= 1)
NSTD = Y1= JZ,- Tin )]

where /;is the value at voxel j I is the mean value of the ROI, and 77is the number of voxels
in the ROI.

The NSTD of the 195 clinical PET/CT scans was calculated as a surrogate for the input
count level of the standard-count PET image in the training. Then, we rebinned the total list-
mode data of all passes in the 27 multi-pass dynamic PET datasets to get the down-sampled
list-mode data, which matched the count level of the 195 clinical data based on the Poisson
thinning process that discards coincidence events randomly by specific down-sampling
factors. With the optimized down-sampling ratios, the standard-count PET images of the 27
multi-pass PET dynamic datasets were generated.

NSTD in the predefined liver ROI was calculated with the 195 clinical PET/CT scans to
estimate the count level distribution of clinical standard-count PET images. Due to the
variation in patients” weight and injected dose, the noise level of clinical standard-count PET
images usually varies largely among individuals. Based on the NSTD distribution, the noise
level ranges from 0.052 to 0.380 with mean and standard deviation of 0.099+0.037. Fig.1(a)
shows that the majority of NSTD values range from 0.06 to 0.12 (85%). Since there were
only 27 multi-pass dynamic datasets, using a single down-sampling rate was not enough to
match the noise level distribution of the clinical data. Therefore, we used the down-sampling
rates of 20%, 30%, and 40% to rebin each 90-minute dynamic PET datasets. Therefore,
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each multi-pass dynamic dataset have three different down-sampled standard-count PET
images. The obtained rebinned 90-minute dynamic datasets have a NSTD distribution which
is close to that of 195 clinical data. Fig.1(a) shows that the histogram of NSTD for the
down-sampled standard-count images derived from the multi-pass dynamic datasets matched
that for the standard-count clinical data. Fig.1(b) displays a representative coronal slice for

a standard-count clinical data, a down-sampled standard-count data and its corresponding
true-high-count PET image.

II.C. Network Architecture and Training

A 3D U-Net network architecture was used. The network was trained using the pairs

of standard-count PET images (input) and high-count PET images (label) from the 27
dynamic datasets. Note that the whole-body PET images often show high inter-patient

and intra-patient uptake variation, and the tracer concentration is much higher in the

bladder than anywhere else. This could decrease the relative contrast among other

organs and introduce difficulties in deep network training. Therefore, we used ITK’s
ConnectedThresholdimageFilter*® to segment the bladder with seeds (SUV>20) and a lower
threshold value of 3 and replace the segmented voxels with the value of 3, which is applied
in inference as well.

During training, 64x64x64 image patches were randomly cropped by a data generator in
real time to feed to network training. Random flipping along three axes was applied for data
augmentation. Each epoch contained 100 steps with a mini-batch size of 16, resulting in
1600 patches used in each epoch. L2 loss was used, and Adam optimizer was applied with
an initial learning rate of 0.0001. The learning rate exponentially decayed every 100 steps
with a decay rate of 0.996. In inference, the trained network model takes the full image to
get the VHC images. The code was implemented with TensorFlow 2.2.

II.D. Evaluation

3-fold cross-validation on the 27 dynamic PET datasets was applied with the standard-
count and true-high-count PET images from 18 subjects used for network training and the
remaining 9 datasets used for testing.

For quantitative evaluation, we used normalized root mean square error (NRMSE), peak
signal to noise ratio (PSNR), and structural similarity index (SSIM) with the true-high-count
PET image as the reference. NRMSE is widely used to quantify the differences between the
predicted and the reference, which is defined as

T -
_ \/WZ,N: 1= x) ?

Hx

NRMSE(, x)

where x is the approximation estimation, x is the reference or ground-truth, Ais the number
of voxels in x, and yy is the average of x.

PSNR is the ratio between the maximum possible power of a signal and the power of
corrupting noise that affects the fidelity of its representation.
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2
PSNR(x,x)=10- logIOM

~ 2 (3)
lx - x5

where MAX s the maximum value of x.

SSIM is a combined measure obtained from three complementary components (luminance
similarity, contrast similarity, and structural similarity) that better reflects the visual
similarity of a representation to the reference.

(2%?”)6 + cl)(zaa?x + 02)

SSIM(x,x) = (uz + u)zc + Cl)(6>2?+ 0-326 + cz)

@

X

where ug, Uy is the average of x and x respectively, o5z and oy is the variance of x and x
respectively, o5, is the covariance of x and x, ¢; and ¢, are two variables to stabilize the
division with weak denominator.

In the 27 dynamic PET datasets, 35 lesions were delineated by one experienced physician.
The mean/max SUVs of the lesion ROIs were calculated in the standard-count, VHC, and
true-high-count PET images.

In addition, another network was trained using all the 27 dynamic PET datasets as training
data. The trained network was applied on the 195 clinical PET datasets to obtain their

VHC images. In the 195 standard-count clinical images, 215 hypermetabolic lesions were
manually segmented using the ITK-SNAP%0, NSTD of the liver ROIs were calculated in

the standard-count and VHC images for measuring the noise level changes. In addition,
mean/max SUVs of the hypermetabolic lesions were obtained for quantitative evaluation.
An in-house software was developed with the feature of sagittal, coronal and axial image
visualization for image evaluation study. Three experienced nuclear medicine physicians
evaluated the image quality of the standard-count and VHC images according to overall
quality, image sharpness and noise. The images were ranked as 1 - very poor/non-diagnostic,
2 - poor, 3 - moderate, 4 - good, and 5 - excellent. 50 of the 195 patients were randomly
chosen for evaluation and the selected 50 standard-count and 50 VHC images were assessed
at a random order. The physicians were instructed to score the images based on the overall
diagnostic quality. Because the data were not normally distributed, the Wilcoxon signed-
rank test was performed to compare image quality grading of standard-count and VHC
images for each physician.

Results

llILA. Cross-validation using 90-min Data

Table.2 lists the PSNR, NRMSE, and SSIM of the standard-count and VHC PET images
with respect to the true-high-count images using cross-validation. The results show that the
VHC images achieve superior NRMSE, PSNR and SSIM compared to the standard-count
images.
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Fig.2 shows the standard-count, VHC, and true-high-count images for two sample datasets.
The VHC images are less noisy compared to the standard-count counterparts and the fine
structures are well-preserved. Fig.3 plots the line profiles in the standard-count, VHC, and
high-count images. For Subject 1, the three profiles are close. For Subject 2, the line profile
associated with the VHC image is closer to that of the true-high-count image, compared to
the profile associated with the standard count image.

Fig.4 plots the correlation between the true-high-count images and standard-count/VHC
images in terms of the mean/max SUVs within ROIs. In the correlation plot of mean

SUV between the true-high-count images and standard-count/\VVHC images, the distribution
closely aligns with the line of identity, resulting in high correlation coefficients and R2
values. It is observed that in the correlation plot of max SUV between the true-high-count
images and standard-count images, the distribution is slightly off the line of identity.

The mean and standard deviation of the mean/max SUVs in the standard-count, VHC, and
true-high-count images are 1.71+0.79 / 3.26+1.80, 1.68+0.79 / 3.15+1.77, and 1.68+0.77 /
3.11+1.70, respectively. A paired two-sample t-test is conducted to determine whether the
mean/max SUVs in the standard-count, VHC, and true-high-count images are statistically
different. Between the standard-count and true-high-count PET images, the p values are 0.75
and 0.56 for the mean and max SUVs, respectively. Between the VHC and true-high-count
PET images, the p values are 0.96 and 0.90 for the mean and max SUVs, respectively. The
results show that the mean/max SUVs in the standard-count, VHC, and true-high-count PET
images are not significantly different.

I11.B. Evaluation on Clinical Data

Fig.5 displays the standard-count and VHC PET images for three sample clinical datasets.
The virtual high-count image achieves a lower noise level as compared to the standard-count
image for all three patients. The virtual high-count images for patient 1 show substantial
reduction of noise when the standard-count images have high noise level. For patient 2 and 3
with visually lower noise level than patient 1, the virtual high-count images preserve the fine
structures.

Fig.6 plots the correlation and linear fitting of NSTD and mean/max SUVs of 215
hypermetabolic lesions between the standard-count and VHC clinical images for the 195
clinical data. The NSTD values are scattered below the line of identity, meaning that the
VHC images have decreased NSTD as compared with that of the stand-count images. The
mean/max SUVs of the VHC images closely align with the line of identity, yielding high
correlation coefficients. In the correlation plot of max SUV, the distribution is slightly below
the line of identity, especially for high max SUVs (> 1.5).

The VHC images have reduced NSTD with mean and standard deviation of 0.10+0.04,
compared with 0.05+0.04 for the stand-dose images. For the mean/max SUVs, the mean and
standard deviation are 0.50+0.45 / 0.99+1.39 in the standard-count images and 0.49+0.44 /
0.94+1.39 in the VHC images. To determine whether the mean/max SUVs in the standard-
count and VHC images are statistically different, a paired two-sample t test is conducted.
The null hypothesis is that the distribution means are not statistically different when the

Med Phys. Author manuscript; available in PMC 2023 September 01.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Liuetal.

Page 8

significance value p> 0.05. The p values are 0.84 and 0.72 respectively for the mean and
max SUVSs. This means that there is no significant statistically difference in the mean and
max SUVs between the standard-count and VHC PET images.

Three experienced nuclear medicine physicians completed the image evaluation task. The
mean and standard deviation of scores of 50 standard-count images and 50 VHC images
are are 3.34+0.80 and 4.26+0.72 for Physician 1, 3.02+0.87 and 3.96+0.73 for Physician 2,
3.74+1.10 and 4.58+0.57 for Physician 3. The VHC images were consistently ranked higher
than the standard-count images across three physicians. The VHC images have significant
improved ranking scores of 0.92, 0.92, and 0.84 for Physician 1, 2, 3 respectively. Fig.7
plots the evaluation ranking results, which clearly shows that the VHC images received
higher ranking scores than the standard-count images. The Wilcoxon signed rank test led
to p-values of 7e-8, 9.3e-8, and 4.9e-4 for Physician 1, 2, 3, respectively. This indicates
that the image quality evaluation between standard-count and VHC images has substantial
statistically difference.

V. Discussion

In this work, we used a deep learning method for VHC PET image generation. To

get the standard-count and true-high-count PET image pairs for network training, we

used 27 datasets with 90min multi-pass dynamic scans. The true-high-count images were
reconstructed from the prompt sinogram combining list-mode data of all passes. The NSTD
of a predefined liver ROI was calculated and served as a surrogate for the count level.

The multi-pass dynamic datasets were then rebinned based on the NSTD to generate down-
sampled images with matched count level distribution to that of a selection of 195 clinical
data. Comparing with previous deep learning methods that predicted the standard-count PET
images from low-dose PET images, our method utilized the multi-pass dynamic datasets to
translate the standard-count PET images to VHC PET images.

We found that the virtual high-count PET images have decreased noise level and increased
image quality. The results showed that the mean/max SUVs derived from the virtual
high-count PET images are not significantly different from those derived from the standard-
count or true-high-count PET images. Based on visual assessment, the VHC images have
better SNR and well-preserved fine details. From the overall image assessments by three
experienced nuclear medicine physicians, the VHC images received higher evaluation scores
than the standard-count images. In future studies, the lesion detectability observer study
based on lesion detection and localization is needed to better understand the benefits of VHC
images.

In this study, we focused on noise reduction of standard-count PET data. Existing deep
learning-based PET denoising approaches, including SubtlePET™, can only denoise low-
count images to the level of standard count PET images. In contrast, the biggest innovation
and advantage of our proposed technology is that we are uniquely capable to denoise the
standard-count images to the quality of high-count data, by utilizing various sources of
high-count PET images as training that are acquired through long scans (90 minutes). 195
clinical PET/CT scans were used to get the count level distribution of standard-count clinical
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PET images. However, the count level distribution of the selected 195 clinical PET/CT
data might not fully represent the count level distribution of all clinical PET/CT scans. In
addition, since only 27 dynamic datasets were used for network training, there is a risk of
low diversity in the training data which could in turn introduce overfitting, biased model
evaluation, and generalization problems to the network. Therefore, the patch-based training
and random flipping were used in the network training to eliminate the influence of limited
training data. In addition, since the current network was trained using 18F-FDG dynamic
whole-body PET/CT scan datasets, its generalization ability to different scanners, patient
populations, radio-tracers was unknown and it is desirable to include a wide spectrum of
training data to improve the model generalizability.

In the multi-pass dynamic data image reconstruction, the intra- and inter- pass motion effects
were not corrected. This could introduce motion artifacts in the reconstructed PET images.
However, since the Poisson thinning process discards coincidence events randomly, the
true-high-count and down-sampled standard-count PET images have similar levels of motion
corruptions. Therefore, the uncorrected motion should have minimal effects on the deep
learning based VHC PET image generation presented in this study.

V. Conclusion

We have developed a deep convolutional neural network that is able to generate VHC PET
images from clinical standard-count PET images. The U-Net was well-trained by the count-
level-controlled long dynamic PET datasets, meaning that the count level of the input images
for training matched that of the clinical standard-count PET images. The results showed that
the VHC PET images can effectively reduce the noise, while introducing negligible biases to
the mean/max SUVSs. Such findings were confirmed by three experienced nuclear medicine
physicians.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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Figure 1:
(@) The histogram of NSTD in the rebinned multi-pass dynamic data and 195 clinical data.

(b) Visualization of a clinical standard-count image (left) from a sample patient (male,
BMI 40.2 kg- m?). A down-sampled standard-count image (middle) and the corresponding
true-high-count image (right) from a sample subject (male, BMI 30.8 kg- m2) from the
multi-pass dynamic datasets are provided as well.
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Figure 2:
Visualization of standard-count, virtual-high-count, and true-high-count images from two

sample subjects from the 90-min multi-pass dynamic datasets. The standard-count images
are nosier than the true-high-count and predicted virtual-high-count images. Subjectl is
male with a BMI of 32.3 kg- m?, while Subject2 is male with a BMI of 22.4 kg- m2,
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Figure 3:
Comparison of the image profiles in Fig.2. The image profiles show that the standard-count,

virtual-high-count, and true-high-count images are close.
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Figure 4:

The correlation and linear fitting of ROl mean/max SUVs between the true-high-count and
the standard-count/predicted virtual-high-count images. The fitted function, coefficient of

determination (R2), and correlation coefficients (Corr. Coef.) are listed below. The red dash
line is the line of identity, and the blue line is the fitted line.
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Figure 5:
Visualization of the standard-count and virtual-high-count images from three sample

patients (Patient 1: male, BMI 48.1 kg- m?; Patient 2: male, BMI 37.9 kg- m?; Patient
3: male, BMI 26.7 kg- m?).
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Figure 6:

The correlation and linear fitting of NSTD and mean/max SUVs of 215 hypermetabolic
lesions between the standard-count and predicted virtual-high-count images for the 195
clinical data. The fitted function, coefficient of determination (R2), and correlation
coefficients (Corr. Coef.) are listed below. The red dash line is the line of identity, and
the blue line is the fitted line.
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Figure 7:

The evaluation scores of standard-count and virtual-high-count images from three nuclear
medicine physicians. Three nuclear medicine physicians gave higher scores to the virtual-
high-count images than standard-count images.
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The age, height, weight, and BMI distribution of the 195 patients enrolled in clinical PET/CT scan.

Table 1:

Age (year) | Weight (kg) | Height (m) | BMI (kg:m?)
Range 22.0-88.1 37.6-178.4 1.42-1.91 10.9-51.9
MeantStd | 63.9+14.2 77.3£22.9 1.67+0.1 27.8+6.9

Med Phys. Author manuscript; available in PMC 2023 September 01.

Page 20



Liu etal. Page 21

Table 2:

Quantitative evaluation on the standard-count and virtual-high-count images with respect to the true-high-

1duosnuey Joyiny 1duosnuen Joyiny 1duosnuey Joyiny

1duosnuen Joyiny

count images in terms of PSNR, NRMSE, and SSIM.

NRMSE (%) | PSNR (dB) | SSIM (0-1)
Standard-count 7842277 | 35.24+2.88 | 0.990+0.005
Virtual-high-count |  6.64+2.12 | 36.5622.51 | 0.994+0.002
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