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Metal artifact reduction in cervical CT images using convolutional neural network
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Abstract: Objective To reduce metal artifacts in cervical CT images using convolutional neural network. Methods The metal
artifact images and the target images (artifact-free images) were generated using numerical simulation for constructing
training and test data sets. The cervical CT images with metal artifacts and paired cervical CT images without metal artifacts
were input into the constructed convolutional neural network for training, and then a convolutional neural network model for
metal artifact reduction in cervical CT images was obtained. Results Before network training, the average peak signal-to-
noise ratio (PSNR) of the metal artifact images and the target images was 26.098 0 dB. The average PSNR of the metal artifact
reduction images and the target images obtained by the training network trained by image patches of different sizes (25%25,
50%50, 100x100) was 34.6079, 38.375 1, and 38.183 8 dB, respectively. Conclusion Through experiments on simulation data
and clinical data, it is revealed that the proposed method can effectively reduce metal artifacts and can retain relatively
complete tissue texture information in cervical CT images.
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Figure 1 Results of metal artifacts generated by numerical simulation
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Figure 2 Architecture of convolution neural network for metal artifact reduction
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Figure 3 Results of metal artifact reduction by the proposed method
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Figure 4 Example 1 of reducing metal artifacts in clinic by the proposed algorithm

.

a: EXERMPER

L st

b: [El a LIAEL B K E

20
.

AN FEERERMEZE S

£ 4l

d: [E c LR K ALK E
E5 AxHEERRREIERMITZEGIOIRER?2

Figure 5 Example 2 of reducing metal artifacts in clinic by the proposed algorithm
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Table 1 Comparison of mean PSNR of the training network based

on different image patches for metal artifact reduction (dB)

PSNR #J{# 25%25 5050 100x100
& & the BUR- B R E & 26.0980  26.0980  26.0980
ERemEMEG-HirE{E 346079 383751  38.1838
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