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Purpose: Automated detection of image artifacts caused by air bubbles in a CT scanner cooling system 
when routine quality control (QC) passes. 
Methods: Two CT scanners with air bubbles in their cooling systems were selected for testing; one was 
used for air bubble artifact identification algorithm (ABAIA) development and the other was treated as 
novel. Water images using the vendor’s daily QC protocol and phantom from the training set were 
obtained before and after bubble removal. ABAIA was then tested on the novel dataset. ABAIA was 
designed to assess the circular symmetry of slices of the images. First, each image was divided into 7 
annular slices and the mean of the voxel values were calculated. Each slice was further divided into 
sections 25 voxels wide. The mean of each section was compared against the mean for the annular slice. 
Air bubbles present in the cooling system caused a reduction in attenuation of between 0.6-0.9 HU 
across a section, so any section that had a mean more than 0.6 HU lower than the slice mean was 
identified by the algorithm as containing an artifact.  
Results: ABAIA was tested against a novel dataset and achieved 92.5% accuracy, and correctly classified 
all of the post-bubble removal images as artifact free. Additionally, ABAIA identified the location and 
severity (variance from the slice mean) of each artifact present in each image.  
Conclusion: This work has the potential to immediately alert medical staff when quality control images 
are compromised by image artifacts. Further research could show whether this technique generalizes 
across manufacturers and other types of artifacts. 
 

INTRODUCTION 

An image artifact is any feature in an image not 
present in the object being imaged. Artifacts in 
diagnostic images can compromise accurate 
diagnosis of patient disorders. Types of artifacts 
in CT images due to scanner malfunction 
include ring artifacts caused by an out-of-
calibration detector, or darkening of the center 
of an image due to beam hardening.4 In 2016, a 
new type of artifact, named the "air bubble 
artifact," appeared in CT literature.1-2 This 
artifact appears when air bubbles in the 
scanner's x-ray tube oil cooling system pass in 
front of the x-ray beam, decreasing attenuation 

on the detector.3 Since air bubbles move around 
the cooling oil during operation, the artifacts 
are intermittent making them hard to 
reproduce. 

These artifacts only appear when viewed with a 
relatively narrow window, such as that used in 
brain scans.3 The characteristic pattern of these 
artifacts are dark streaks across the image 
(figure 1). The streaks typically cause a 
darkening of less than 2 Hounsfield units (HU), 
meaning affected images usually pass routine 
quality control (QC) (table 1). Manual 
identification of these artifacts is  



straightforward, as they are easily visible to the 
eye. However, for sites with automated QC or 
improper window/level settings, such artifacts 
could be overlooked. Thus, an automated image 
analysis solution is ideal for this problem so that 
sites can continue to rely on automated QC.  
 

METHODS 

Water images appear uniform when viewed 
with a standard window/level (figure 2A). If the 

window width is narrowed, we see the images 
are not in fact uniform but are noisy, with a 
standard deviation around 3 HU. They also do 
not display macro-level uniformity, as 
concentric dark and light circles are visible 
through the noise (figure 2B). 

Since the air bubble artifacts cause darkening in 
the images, the air bubble artifact identification 
algorithm (ABAIA) was designed to detect dark 
sections of an image. We observe that while 

(Values in HU) Centre 
(mean) 

Centre 
(stdev) 

12 o’clock 
(mean) 

3 o’clock 
(mean) 

Abs (12 o’clock – 
centre) 

Abs (3 o’clock – 
centre) 

artifact present 1.63 4.31 0.45 0.12 1.18 1.51 
Air bubbles 

removed 
1.47 4.58 1.13 0.35 0.34 1.12 

QC limits +/- 4 4 – 5 Na Na < 2.29 < 2.85 

Figure 1  Water phantom images showing different instances of the air bubble artifact. Window level 0, window width 20. 
 
 

Table 1  Standard QC test results all pass when air bubble artifact is present. Standard deviation (stdev); Absolute value 
operation (Abs) 

 
 

Figure 2  A water image viewed at a wide and narrow window width to show noise and macro non-uniformity  
 
 



water images are not totally uniform, they do 
display circular uniformity; that is, an annular 
section of an image should not have any 
disruptions in it. Therefore, an image is free of 
artifacts when all annular sections are uniform. 

To detect whether an annular section is 
uniform, it is divided into several radial 
trapezoids. The mean of all voxels in a trapezoid 
is computed and is compared to the overall 
section mean. If the trapezoid is too dark, it is 
labelled as an artifact. 

This procedure was automated, and the number 
of annular sections, size of each radial 
trapezoid, and deviation tolerance (the 
“algorithm parameters”) were optimized using a 
training set of 70 water images. 30 images were 
obtained from the affected scanner, then the 
air bubbles were removed from its cooling 
system, and 40 more images were obtained. 
Artifacts were manually identified in 13 of the 
30 pre-bubble-removal images (see figure 3A 
for an example) and the algorithm parameters 
were manually tweaked until ABAIA achieved 
100% accuracy on the training set.  

The way ABAIA works on a single image is as 
follows (figure 3B-D): first, the image is divided 
into 7 annular sections. For each section, the 
mean of all voxels is calculated. Each slice is 
divided into trapezoids 25px wide, and the 
mean of all voxels in the trapezoid is calculated. 
If the trapezoid mean is more than 0.6 HU 

darker than the section mean, it is labeled as an 
artifact.  

ABAIA was then tested on a novel dataset 
containing 66 images with artifacts and 14 
without. 

RESULTS 

ABAIA correctly identified 14/14 (100%) images 
without artifacts and correctly identified 60/66 
(91%) of the images with artifacts. ABAIA 
achieved 92.5% overall accuracy on the novel 
dataset.  

The six images that were missed all displayed 
the same artifact (figure 4). A streaking artifact 
left of the red indicator line is shown in (A). The 
algorithm fails to detect this (B) because the 
artifact is only 0.2-0.4HU darker than the 
section average. It is obvious to the human eye 
because it forms a linear streak across the 
image. 

Some images were correctly identified as having 
artifacts but not all artifacts were identified 
(figure 5). The image in (A) shows several 
artifacts, but they make up a high enough 
proportion of the image that each overall 
section mean is lower than it should be. ABAIA 
thus only detects the darkest artifacts and 
misses the more moderate ones. 

  

Figure 3  Manually identified image artifacts from the training (A), the image is divided into annular sections and trapezoids 
(B), trapezoids that deviate from the slice mean are circled in red (C), the dividing lines are removed (D). 

 
 



DISCUSSION 

While ABAIA was specifically designed for 
identifying the air bubble artifact, it can be used 
to detect any artifact that causes non-circular 
darkening of the image.  

A limitation of ABAIA is that it treats each 
trapezoid as isolated: it is unaware that artifacts 
identified in neighboring trapezoids could be 
significant. This results in its inability to detect 
artifacts like the one shown in figure 4. An 
improvement to the algorithm would make it 
spatially aware thus enabling it to see macro-
level patterns across the individual sections.  

ABAIA was developed to identify artifacts in 
individual images, but a simple adjustment can 
be made to identify if a scanner overall has 
artifacts: reduce the tolerance to 0.3 HU, take a 
scan of several water slices and see if ABAIA 
identifies artifacts in some images but not 
others, or artifacts in different places: this is the 
characteristic pattern of the air bubble artifact. 
This strategy is more robust to artifacts like the 
ones seen in figure 4.  

 

CONCLUSION 

ABAIA can be used standalone but would most 
appropriately be used by integrating it into 
existing automated quality control procedures.  
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APPENDIX 

ABAIA was written in Python 3.6 and is available 
at https://github.com/aaronVerones/ABAIA.  

  

 

Figure 5  This image shows several artifacts (A). ABAIA 
misses several of them (B) because the high proportion 

of artifacts affects the slice mean.  

Figure 4  One of the images not identified by ABAIA. 
Artifact seen left of the indicator line in (A). The 

algorithm fails to indicate any part of the image as 
having an artifact (B). 

 


