
 Abstract— Nowadays PET imaging is routinely coupled with 

anatomical imaging in the form of PET/CT and PET/MRI. CT or 

MR images are commonly used to correct for attenuation and 

scatter during the image reconstruction process to enable 

quantitative PET imaging. PET image artifacts arise from three 

main domains, (i) PET images (halo-artifact), (ii) interface 

between PET and CT/MR images (mismatch, misregistration and 

motion artifacts in the upper abdomen or thorax regions), and (iii) 

CT/MRI artifacts (e.g. metal, contrast, agent, truncation) 

propagate to PET images. We propose an emission-based 

attenuation and scatter correction method that would be immune 

to these artifacts. Our aim is to embed this framework within 

routine clinical imaging as a fast and efficient quality assurance 

(QA) tool that can be used to detect and correct artifacts for 

improved PET image quality and quantification. In this study, we 

analyzed 1650 clinical PET/CT images. All PET images were 

corrected using CT images for attenuation and scatter during PET 

image reconstruction. The dataset was randomly split into train 

(1200), validation (250) and test (200) sets. Uncorrected (for 

ttenuation and scatter) PET images were used as input to our 

proposed deep neural network (PET-QA-Net) to generate 

attenuation corrected (CT-based) PET images. We implemented a 

modified Res-U-Net architecture composed of encoder and 

decoder parts, trained in a 2D manner. We used 6 blocks for the 

encoder and 6 blocks for the decoder part which each 2 block were 

connected using residual connection. For model evaluation, voxel-

wise mean error (ME), mean absolute error (MAE), relative error 

(RE%), absolute relative error (ARE%), and structural similarity 

index (SSIM) were calculated. We achieved a ME of 0.02±0.05, 

MAE of 0.20±0.07, RE of 1.52±3.5%, ARE of 10.0±4.5% and SSIM 

of 0. 97±0.02 in the test set. We considered MAE>0.4 as an outlier 

and inspected the images visually. We reported different artifacts 

that were detected and corrected using the proposed framework. 

Overall, we have built a highly effective and fast quality control 

tool that can be used routinely to detect and correct PET image 

artifacts in clinical setting.  

Index Terms— PET, Artifact, Attenuation/, PET/MRI, Deep 

Learning  

I. INTRODUCTION 

o produce quantitative PET images, anatomical image 

modalities (CT and MRI) that are routinely coupled to PET 

systems, are used to correct for attenuation and scatter during 

the image reconstruction process, addressing under/over 

estimation of tracer uptake in PET images [1-3]. Because of the 

absence of direct correlation of MR image intensities and 
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electron density, the attenuation and scatter correction (AC/SC) 

process is still challenging in PET/MR modalities, and CT-

based AC/SC is considered a gold standard PET AC/SC [2].  

PET image artifact could arise from three main domains: (i) 

PET images (halo-artifact), (ii) interface between PET and 

CT/MR images (mismatch, misregistration and motion artifact 

in thorax regions) and (iii) CT/MRI artifact (e.g. metal, contrast 

agent, truncation) propagated to PET images. As examples, 

halo artifacts tend to appear around high activity regions in PET 

images. Mismatches (e.g. respiratory mismatches in the chest) 

between CT/MRI and PET images results in inaccurate 

quantifications [2]. Presence of metallic and contrast agents 

result in streak artifacts in CT, and void signal in MRI.  

Truncation artifacts may also significantly impact quality of 

reconstructed PET images which appears in overweight 

patients. These various artifacts appears in the AC/SC steps of 

PET image reconstruction and may be not easily identifiable 

due to the absence of ground truth. In the current study, we 

propose an emission-based attenuation and scatter correction 

that is immune to these artifacts. Our main goal is to embed this 

framework routine clinical imaging as a fast and efficient 

quality control tool that will be used to detect and correct for 

artifacts for improved PET image quality and quantification.  

II. MATERIALS AND METHODS 

PET Images 

In this study, we enrolled 1650 patients PET/CT images, and all 

PET images were corrected by using CT images for attenuation 

and scatter during PET image reconstruction. All images were 

reviewed to include high quality and artifact-free PET images. 

PET images were converted to standard uptake value (SUV) 

both for corrected and not corrected images.  

 

PET-QA-Net Details 

We designed and validated a novel Res-U-Net deep neural 

network architecture composed of encoder and decoder parts, 

wherein these part were connected by skip connections. Blocks 

in the encoder and decoder consisted of convolution operation, 

max pooling, leaky ReLU activation, concatenation, and up 

convolution layers. We used 6 blocks for the encoder and 6 

blocks for the decoder part which each 2 block were connected 

by using residual connection. 

 

Study Design 
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Entire dataset were randomly split into train (1200), validation 

(250) and test (200) sets. Non-attenuation-scatter corrected 

(NAC) images were used as input to our proposed network to 

generate AC/SC PET images directly (using CT-based AC/SC 

as reference), and the network was trained in a 2D manner. 

 

Evaluation Strategy  

For model evaluation, voxel-wise mean error (ME), mean 

absolute error (MAE), relative error (RE%), absolute relative 

error (ARE%) and structural similarity index (SSIM) were 

calculated between ground-truth CT-based AC/SC and 

predicted PET images by our deep learning framework. 

  

PET Image with Artifacts 

In this study, we provided and chose different images with halo-

artifacts, motion and misregistration artifacts, metal artifacts, 

and truncated artifacts to show model performance in detection 

and correction of different artefacts. 

III. RESULTS 

First, we evaluated the model in artifact-free images datasets 

which result in ME: 0.02±0.05, MAE: 0.20±0.07, RE%: 

1.52±3.5, ARE%: 10.0±4.5 and SSIM:0. 97±0.02 in the test set. 

Examples of NAC, CT-based AC/SC and Deep learning base 

AC/SC were shown in Fig 1.  

 
Fig 1: NAC, CT-based and deep learning based AC/SC, from let to 

right NAC, CT-based and PET-QA-NET 

 
In the following section, we will present examples of artifacts 

present in images and corrected by using our proposed network. 

We considered MAE>0.4 as an outlier and visually inspected 

images. Fig 2, 3, 4 and 5 represent halo, motion, truncation and 

metal artifacts, respectively.  

 
Fig 2. Halo artifact detection and correction in PET image. From left 

to right NAC, CT-based attenuation corrected PET and PET-QA-NET 

 
 

 

 

 

 

 

 

Fig 3. Motion artifact detection and correction in the thorax region in 

PET/CT image, , from let to right NAC, CT-based and PET-QA-NET 

 

 
 
Fig 4. Truncation artifact detection and correction in PET/MR image. 

From let to right NAC, CT-based AC PET and PET-QA-NET. 

 
 

Fig 5. Metal Artifact detection and correction in PET/CT/MR image, 

from let to right NAC, CT-based and PET-QA-NET 

 

IV. DISCUSSION AND CONCLUSION 

We trained a deep neural network using an extensive dataset of 

whole-body 18F-FDG PET/CT scans containing high quality 

images that do not show any kind of related artifacts (artifact-

free PET images). Once trained, our deep learning algorithm 

generated AC/SC PET images without a CT/MRI scan. 

Different images containing different artifacts were used to 

evaluate our proposed network intended for routine QA of 

reconstructed PET images from artifacts. Clinical CT-based 

AC/SC PET images were compared to our PET-QA-Net 

corrected PET images to quantify the level at which artifacts 

can be identified. We showed by comparison of these images 

that several artifacts can be readily revealed, enabling a fast and 

feasible quality assurance method to not only detect but to also 

overcome those artifacts. Overall, we constructed and validated 

a highly effective and fast quality assurance tool that could be 

used to routinely detect and correct for a number of artifacts, 

including mismatches and motion, truncation, metal and halo 

artifacts in PET images. 
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