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Super-resolution reconstruction algorithm of CBCT image based on neural network learning
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Abstract: A reconstruction method based on super-resolution convolutional neural network (SRCNN) is proposed to solve the
problem of poor cone-beam computed tomography (CBCT) image quality, thereby improving the resolution of CBCT image. The
CBCT images of head and neck, pelvic cavity and thorax were researched. Firstly, image noises were removed by non-local means
method, and then super-resolution reconstruction is carried out by bicubic interpolation (BIC) and SRCNN, separately. The results
show that both BIC method and SRCNN method can improve the resolution of CBCT image. The peak signal-to-noise ratio (PSNR)
obtained by SRCNN method is higher than that obtained by BIC method, but the differences in structural similarity (SSIM) and
feature similarity (FSIM) between SRCNN method and BIC method are trivial. The analysis on PSNR and FSIM shows that
SRCNN method has more remarkable effect on the improvement of pelvic CBCT image, and the effects on the improvements of

head and neck CBCT image and thoracic CBCT image are similar.
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Fig.1 Framework of super—resolution convolutional neural network (SRCNN) algorithm
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Fig.2 Results of head CBCT image processed with non—local
means (NLM), SRCNN and bicubic interpolation (BIC)
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Fig.3 Results of pelvic CBCT image processed with NLM,
SRCNN and BIC
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Fig.4 Results of thoracic CBCT image processed with
NLM, SRCNN and BIC
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Tab.1 Peak single—to—noise ratio (PSNR) of head and neck CBCT image processed with NLM, SRCNN and BIC,
and structural similarity (SSIM) and feature similarity (FSIM) after being processed with SRCNN or BIC

S A B C D E Mean+SD
PSNR_ 1 u 25.684 26.334 25.070 25.759 25.610 25.691+0.450
PSNR_qrenn 16.620 16.745 16.318 16.901 16.983 16.713+0.262
PSNR_ ;¢ 16.094 16.222 15.896 16.462 16.289 16.193+0.212
SSIM_ qpenn 0.895 0911 0.881 0.907 0.904 0.900+0.012
SSIM_ ¢ 0.900 0.917 0.885 0913 0.904 0.904+0.013
FSIM_ renn 0.472 0.513 0.363 0.480 0.423 0.450+0.058
FSIM_ ;¢ 0.477 0.517 0.37 0.484 0.429 0.455+0.057
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Fig.5 PSNR of CBCT images processed with NLM, SRCNN and BIC,
and SSIM and FSIM after being processed with CRCNN and BIC
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Tab.2 PSNR of pelvic CBCT image processed with NLM, SRCNN and BIC, and SSIM and FSIM after being
processed with SRCNN or BIC

S5 A B D E Mean+SD

PSNR_; 29.047 29.152 28.517 29.074 29.079 28.974+0.258
PSNR grenn 19.596 18.900 19.548 19.377 19.193 19.323+0.285
PSNR 18.670 18.235 18.689 18.584 18.377 18.511£0.198
SSIM._grenn 0.920 0.914 0.913 0.926 0.921 0.919+0.005
SSIM ¢ 0.926 0.925 0.924 0.936 0.931 0.928+0.005
FSIM_gpenn 0.689 0.699 0.685 0.701 0.703 0.696+0.008
FSIM ¢ 0.690 0.702 0.686 0.703 0.706 0.697+0.009
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Tab.3 PSNR of thoracic CBCT image processed with NLM, SRCNN and BIC, and SSIM and FSIM after

being processed with SRCNN or BIC

28 A B C D E Mean+SD
PSNR_ i u 25.881 26.385 25.664 25.664 25.777 25.874+0.300
PSNR_grenn 16.593 16.168 17.293 17.293 16.704 16.810+0.484
PSNR_ ;¢ 16.258 15.846 17.125 17.125 16.395 16.550+0.563
SSIM_ qzenn 0.891 0.904 0.915 0.915 0.891 0.903+0.012
SSIM_ ¢ 0.892 0.906 0.919 0.919 0.891 0.901+0.014
FSIM_grenn 0.533 0.526 0.485 0.485 0.489 0.504+0.024
FSIM_ ¢ 0.532 0.526 0.485 0.485 0.490 0.504+0.023
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