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Abstract
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The signal-to-noise ratio (SNR) of SPECT cameras is limited by the 
system’s physics and reconstruction algorithm. Due to the relatively 
high noise levels in SPECT images, there is a need to use a post-
reconstruction mathematical filter to smooth the image and make it 
more readable. Unfortunately, those filters reduce the image contrast 
and resolution as well. 

In recent years, deep learning techniques have shown great 
potential in improving the image quality of various medical imaging 
applications [1-4]. Nevertheless, acquiring high quality SPECT images 
that will serve as a learning target presents a challenge. To overcome 
this challenge, GE HealthCare developed a simulations-based deep 
learning approach designed to improve the image quality of bone 
SPECT scans - Clarify DL.

This document describes Clarify DL’s development and how it is 
designed to contribute to bone SPECT image quality improvement.
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Bone SPECT overview 

Bone SPECT, the second most frequently performed SPECT 
examination in routine nuclear medicine practices, aids in the 
diagnosis of bone metastasis, infections, inflammation, and 
fractures [5]. Compared to planar scintigraphy, SPECT increases 
image contrast and improves lesion detection and localization [6]. 
Nevertheless, there are ongoing efforts to improve image quality and 
enable reductions in acquisition times.

Signal and noise tradeoffs in SPECT imaging

Signal-to-noise ratio (SNR) is a quantitative measure used to assess 
quality of images, including that of nuclear medicine (NM) single 
photon emission computed tomography (SPECT) images. SNR is 
the ratio of the strength of the desired signal (i.e., true information 
of interest) to the level of the background noise (i.e., random 
variations not related to the signal). A higher SNR indicates that the 
desired signal is more visible relative to the background noise and is 
therefore easier to identify. Improvement in SNR can be achieved by 
increasing the signal and/or by suppressing noise levels.  

SNR in SPECT imaging is primarily dictated by the system’s design, 
patient-related factors, injected dose, acquisition time, and by 
the algorithms used for image reconstruction and processing. The 
achievable SNR is limited by the statistical photonic noise that is 
inherently present in SPECT imaging due to the probabilistic nature 
of photon emission and detection, which is bounded by the system 
design. The noise is normally reduced to the readers’ preferred 
levels by applying conventional noise reduction techniques, such 
as 3D post-filters and image reconstruction regularization. These 
techniques are limited because the noise level may be similar in 
characteristics to those of small findings (e.g., lesions), thus applying 
these techniques may reduce noise at the cost of image contrast and 
resolution. Figure 1 illustrates the effect of a Butterworth (BW) 3D 
post-filter on a sample clinical bone SPECT study.

Therefore, because of the limitations with conventional noise 
reduction techniques, there is a need for a solution that promotes 
noise reduction without impairing clinical image contrast and 
resolution.

Clarify DL overview 

Clarify DL is designed to be a deep learning-based reconstruction 
method of NM bone SPECT scintigraphy images obtained using 
GE HealthCare SPECT and SPECT/CT systems. Clarify DL image 
reconstruction is made available in addition to the existing 
reconstruction method*. Clarify DL is designed to reduce image noise 
while maintaining contrast to enable increased contrast-to-noise 
ratio (CNR) and contrast recovery coefficient (CRC).

The DL model is integrated into the reconstruction’s iterative process 
and applied to the current reconstructed image at a constant interval 
in between image updates. The model is designed to generate a noise 
reduced image that is blended with the input image and integrated 
back into the iterative process of the reconstruction. Figure 2 below 
provides an illustration of Clarify DL image reconstruction design.
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Figure 1: Bone SPECT/CT obtained on NM/CT 870 DR and reconstructed using ordered 
subset expectation maximization (OSEM) with attenuation correction (AC) and resolution 
recovery (RR). The blue arrows point to a lesion of impaired contrast and resolution in 
Image B with BW 3D post-filter, compared to Image A without BW 3D post-filter. Image A 
is, on the other hand, noisier than Image B

(A) Input data: NM bone SPECT 
scintigraphy projections. The 
input data can also include CT 
imaging data for attenuaiton 
correction (AC) of the  
SPECT images

(B) Clarify DL image 
recon: (B.1) Iterative 
image reconstruction: The 
SPECT projections are 
reconstructed using iterative 
image reconstruction (e.g., 
OSEM). (B.2) Deep learning 
model: At a constant update 
interval, Clarify DL’s deep 
learning model is applied 
to the reconstructed image 
to generate a noise reduced 
image. The noise reduced 
image is blended with the 
current reconstructed image to 
generate a blended image that 
is used to resume the iterative 
image reconstruction

(C) Output: SPECT image 
reconstructed with Clarify DL. 
The output image is either the 
last reconstructed image or the 
blended image, depending on 
the interval of step (B.2)

(A) OSEM w/o BW 3D post filter (B) OSEM w/o BW 3D post



Clarify DL design 

Clarify DL’s image reconstruction model interval and scatter 
correction parameters can be modified by the user. These two 
parameters were pre-populated by GE HealthCare to provide optimal 
image reconstruction; however, users can modify them if desired. 
These parameters and their effect are summarized in Table 1. Other 
parameters (e.g., number of iterations and subsets) are fixed and 
cannot be modified.

Figure 3 below illustrates the effect of the model interval parameter 
using a sample clinical case that was reconstructed using three 
different model interval values. 

Model training method 

Clarify DL’s deep learning model was trained in supervised 
learning sessions and designed to reduce noise in NM bone SPECT 
scintigraphy images. The training used simulated SPECT image 
reconstructions generated from patients’ actual clinical NM bone 
SPECT scintigraphy studies. The simulated images included pairs of 

noisy and noise-reduced images that respectively served as the input 
and target data for the model training (i.e., noisy simulated images 
serve as input data, while the noise-reduced, high lesion contrast, 
“clean” simulated images serve as target data). 

The use of clinical studies-based simulated images addresses the 
primary challenge of generating high quality target ground truth 
images, which have high SNR images (low background noise and 
high lesion-to-background ratio). This is considered the primary 
challenge because obtaining such ground truth images requires 
long duration SPECT acquisitions that are impractical to obtain 
in clinical settings. This approach also contributes to the model’s 
generalizability because it enables accounting for the primary 
sources of variations such as lesion contrast-to-background ratio and 
count density, which simulate acquisition duration or injected dose. 
These sources of variations can impact the image quality of NM bone 
SPECT scintigraphy imaging.

Data sets 

The patients’ clinical studies were divided into three independent 
data sets, which include a training set, validation set, and testing 
set. Simulated images generated from the same patient study (i.e., 
realizations) were only used in the data set to which the patient study 
was allocated. The patients’ actual clinical images were not used in 
any of the data sets. 

Data generation 

The process used to generate the simulated SPECT reconstructions 
for the training and validation sets is described in Figure 4 below.
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Parameter Description

Model  
interval

The model interval parameter sets the frequency 
of applying Clarify DL’s deep learning model in 
between image updates. A higher model interval 
decreases the level of image noise control. A 
lower model interval increases the level of image 
noise control.

Scatter 
correction

The scatter correction parameter determines 
if scatter correction is to be applied during the 
iterative image reconstruction. Scatter correction 
increases quantitation accuracy, if performed, at 
the cost of subtracting photons.

Table 1: Clarify DL user adjustable parameter

Figure 3: Sample clinical case reconstructed using different model intervals. Images A, 
B, and C were reconstructed while applying Clarify DL’s deep learning model every 10, 
20, and 40 image updates. The blue arrow points to an uptake that is sharper on Image 
A, which is reconstructed with more frequent applications of the model, as compared to 
Images B and C (i.e., interval of 10 vs. 20 or 40)

Figure 4: Clarify DL training data generation process

Image A 
(model interval = 10)

Image B 
(model interval = 20)

Image C 
(model interval = 40)



As shown in Figure 4, the simulated SPECT reconstructions are 
generated in four steps as follows:

1.	 Initial image reconstruction: The patient clinical SPECT/CT  
exam is reconstructed using block sequential regularized 
expectation maximization (BSREM) with relative difference 
prior (RDP) noise regularization (Q.Clear) with post-processing 
algorithms to generate low-noise, edge-preserved images. For 
practical purposes, these images can be treated as “noise free 
images” for the simulation of projections.

2.	 Lesion insertion: Each noise free object is divided into axial 
field of views (FOV) to enable estimation of a more realistic 
scan geometry for the forward projection. For each FOV, three 
simulated lesions were added in regions where lesions are 
typically found on “clinical” bone scans. The locations, sizes, 
and shapes of the simulated lesions were defined by a qualified 
NM physician. The lesion insertion was performed in the image 
domain by defining the voxels while considering the desired 
location and size. For each inserted lesion, the lesion to normal 
bone (L2B) ratio was randomly selected from a set of clinically 
representative ratios in the range of 1:1 (i.e., no lesion) to 8:1. 
Ratios above 8:1 were not included because the lesion visibility 
is not expected to significantly change between different image 
reconstruction methods.

For each FOV, a total of five images were generated, each with a 
different combination of L2B ratios. This resulted in 6 noise free 
images per FOV, including the image with no inserted lesions.

3.	 Simulated projections: The noise free images were forward 
projected by using the systems’ collimator and detector 
characteristics. Each simulated projection was scaled to the 
count density equivalent to a scan of a predetermined duration 
based on the original patient clinical scan. Finally, Poisson noise 
was added to the resulting noise free projections to create an 
additional set of “noisy” projections.

4.	 Image pairs generation: The simulated projections, with and 
without noise, were reconstructed to create pairs of input 
images and target ground truth images to be used during the 
training. The parameters used are those of the factory preset for 
clinical use.

A total of 2184 FOVs were generated based on the described process. 
The data includes simulations of different acquisition durations, 
lesion combinations, and noise. For the DL model development, the 
data was divided into three independent data sets: training (1482 
FOVs), validation (378 FOVs) and testing (324 FOVs).

DL network 

Clarify DL’s model was trained using the 3D residual U-Net 
convolutional encoder-decoder network. The network is composed 
of convolution (Conv) layers, batch normalization (BN) and rectified 
linear unit (ReLU) activation functions, max pooling, up-sampling 
layers, skip connections, and 4 scales (i.e., 4 max pooling layers). 
The input images are fed into the network to predict a residual 
image, which is added to the input. The training of the Clarify DL 
model is supervised. The output of the network was compared to 
the target images based on mean squared error (MSE) loss function 
and was used to update the network’s trainable parameters by 
backpropagation, as shown in Figure 6 below. 
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Figure 5: Example of training pair realizations for head, torso, and pelvis. Realization 0 is 
the image without inserted lesions, while Realizations 1 and 2 are images with inserted 
lesions and different L2B ratios

Figure 6: Clarify DL supervised learning training process



Model cross-validation 

A 5-folds cross validation method was used to assess the model’s 
performance and generalizability, and to help detect potential 
overfitting or underfitting by estimating the model’s performance 
across different samples.

Inferencing workflow

Clarify DL’s inferencing workflow consisted of 3 steps including 
pre-inferencing, inferencing, and post-inferencing. During the pre-
inferencing step, the reconstruction process is running until the 
Clarify DL condition is applied. If the updates counter is equal to the 
model interval parameter, the temporal image is saved to initiate 
the inferencing step. During the inferencing step, the input image 
from the pre-inferencing step is processed and prepared for Clarify 
DL’s model, inferenced by the model, and reprocessed back to its 
original dimensions. The Clarify DL pretrained model is imported. 
During the post-inferencing step, the reconstruction process resumes 
with the image generated using Clarify DL’s model. To avoid fast 
convergence of the reconstruction algorithm (mainly with OSEM), the 
generated image is blended with the input image generated in the 
pre-inferencing to maintain some of the image noise. 

The blended image is sent back to the image reconstruction process 
as a starting point for the next iteration. When the model interval 
is such that Clarify DL runs at the end of the image reconstruction 
process, the output of the inferencing step is the final reconstructed 
image.

Testing strategy 

The performance testing for the final Clarify DL model includes bench 
and clinical testing. The performance testing used entirely new data 
and tests that were not part of the training, validation, and test sets 
described above. The bench and clinical testing included data and 
tests applicable for dual-head (NaI and CZT) and 3D ring-design (CZT) 
GE HealthCare scanners, and to both AC and NC imaging data. 

Bench testing 

Testing used a digital phantom with inserted lesions [Figure 7] to 
confirm improvements over the existing factory presets using cleared 
image reconstruction methods. The bench performance testing 
included IQ performance measurements at both the image and 
lesion levels for AC and NC images. The image level measurements 
included MSE, structural similarity index measure (SSIM), and peak 
signal to noise ratio (PSNR) [7]. The lesion level measurements 
included CNR and CRC of lesions regions of interest (ROI) and their 
pair background ROIs. 

The tests results show that Clarify DL achieves improvement for all 
obtained image level and lesion level measurements. 

Clinical testing (Reader study) 

The overall image quality of Clarify DL was reviewed and evaluated 
by certified NM physicians. The physicians answered blinded 
preference questions comparing clinical cases of the same studies 
reconstructed with the factory presets reconstruction (reference) and 
with Clarify DL.
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Figure 7: Digital phantom images reconstructed with existing factory reconstruction 
preset (left) and with Clarify DL reconstruction (right)

Parameter NCRR vs NCRRDL  
(% improvement)

ACRR vs ACRRDL
(% improvement)

Image SSIM 13.8% 7.9%

Image MSE 72.2% 53.9%

Image PSNR 14.4% 16.8%

Lesions CNR 67.2% 28.0%

Lesions CRC 162.6% 56.2%

Table 2: A comparison of image quality and lesion measurements – SSIM, MSE, PSNR, 
CNR and CRC

Figure 8: An example of blind comparison review mode for the Clarify DL  
evaluation process

Existing factory 
reconstruction preset

Clarify DL
filter



127 bone SPECT exams were scored by 9 readers (each exam was 
scored by 3 readers, each reader read 40-47 exams) for image 
quality, image resolution and noise level, using a 1-5 Likert scoring 
(1 – lowest, 5 – highest).  Each exam received 36 scores (3 readers x 3 
image categories x 4 reconstructions). However, if a CT scan was not 
acquired, the exam received only 18 scores (3x3x2).

In total, 723 scores for non-corrected and attenuation-corrected 
reconstructions were provided across all parameters of image 
quality, image resolution, and noise level per system.

As illustrated in Figure 9, the reader evaluation of images 
reconstructed with Clarify DL demonstrated that images generated 
by the Clarify DL reconstruction algorithm were of diagnostic image 
quality. Moreover, there was a preference among the evaluators for 
the Clarify DL images in terms of overall image quality, resolution, 
and noise level.

Quantitation 

To evaluate Clarify DL behavior for quantitation purposes, recovery 
coefficient activity measurements using phantom scans (NEMA IEC 
PET body phantom and Jaszczak phantoms [8], [9], Data Spectrum, 
Durham, NC, USA) were performed with and without Clarify DL for 
StarGuide and dual-head systems.
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Figure 9: Clarify DL images rated as higher/same/lower than REF

Figure 10: An example of the impact of Clarify DL reconstruction on clinical data. 
Left pair: Non attenuation correction scans without and with Clarify DL. Right pair: 
Attenuation corrected scans without and with Clarify DL.

StarGuideTM NC StarGuide AC

Figure 11: Recovery coefficient measurements on Jaszczak (up) and  
IEC (down) phantoms

Without Clarify DL With Clarify DL Without Clarify DL With Clarify DL



As illustrated in Table 3 and Table 4, the results show improvement in 
quantitation accuracy in 18 of the 19 measurements when phantom 
data was reconstructed using Clarify DL for both dual-head cameras 
(NaI and CZT) and for 3D ring-design cameras (StarGuide).

Application and future directions 

Clarify DL model architecture and training is a general approach 
which may be applied to other isotopes and clinical indications of 
SPECT/CT and PET/CT acquisitions. 

Conclusion 

Clarify DL is a deep learning-based image reconstruction algorithm 
designed for image quality enhancement of bone SPECT and  
SPECT/CT studies. The evidence has demonstrated that Clarify DL 
improves different aspects of image quality: structure, lesion contrast 
and quantitation in the physics test, and noise and resolution in the 
clinical reader studies. Improvement was achieved across different 
SPECT/CT cameras for both AC and NC scans.
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Table 3: StarGuide quantitation accuracy comparison between Clarify DL and factory 
preset reconstruction (reference)

Sphere diameter
(mm)

Volume
(ml)

% CRC Diff
Clarify DL - Ref

Sph_JZK_60m 31.3 16.06 13.61

Sph_JZK_60m 24.8 7.99 19.73

Sph_JZK_60m 19.8 4.06 29.25

Sph_JZK_60m 15.4 1.91 30.12

Sph_JZK_60m 12.4 0.99 12.48

Sph_JZK_60m 9.9 0.51 2.28

BG 298.4 4.57

Sphere diameter
(mm)

Volume
(ml)

% CRC Diff
Clarify DL - Ref

Nal CZT

Sph_28 28 11.5 6.54 9.32

Sph_22 22 5.58 11.3 15.84

Sph_17 17 2.62 10.76 11.65

Sph_13 13 1.14 0.35 4.66

Sph_10 10 0.534 -0.42 0.37

BG 653 0.46 1.09

Table 4: Dual-head NaI and CZT quantitation accuracy comparison between Clarify DL 
and baseline reconstruction
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Acronyms list 

AC – Attenuation Corrected

BN – Batch Normalization

BW – Butterworth

CNR – Contrast to Noise Ratio

CRC - Contrast Recovery Coefficient

CT - Computed Tomography

CZT - Cadmium Zinc Telluride

DL – Deep Learning

FOV – Field of View

IQ – Image Quality

L2B – Lesion to Background

MSE - Mean Squared Error

NaI – Sodium Iodide

NC – Non-Corrected

NM – Nuclear Medicine

OSEM – Ordered Subset Expectation Maximization

PSNR - Peak Signal to Noise Ratio

ReLU - Rectified Linear Unit

ROI – Region of Interest

RR – Resolution Recovery

SNR – Signal to Noise Ratio

SPECT – Single Photon Emission Computed Tomography

SSIM - Structural Similarity Index Measure


