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—» Overview

We present an algorithm to remove ring artifacts in CBCT Images:

e Avolid the loss of Image detalils resulting from the coordinate transformation.
e Using an image to-image network based on Generative Adversarial Network.
e Greatly Improved the integration of image quality by using loss consolidation.

— Motivation

CBCT images has been widely used in the medical fields.
However, due to the limitations of system technology, CBCT
Images often have a series of ring artifacts, which have the
same center with the reconstructed image and different gray
levels with the surrounding pixels.

The existing methods mostly remove artifacts by different filters, so that it is inevitable
to result in loss of detalls and blurred edges in the image. Therefore, how to remove ring
artifacts without affecting image quality Is critical for the application of CBCT.

Key Idea. \We used a joint loss strategy, which joints the target loss and the
generative adversarial loss as a new loss function to solve this issue.

—~ The proposed method

e Smooth Loss

The CBCT image that contains artifacts can be expressed mathematically as:

I (z,y) =S (z,y) +n(z,y)
The original —~ l \

CBCT image The deal 'mage The artifacts information
without artifacts

Then we can get the gradients in the o and y directions:

{ 0.1 (z,y) = 0,5 (x,y) +0.n (x,y)
ayI (QT,Q) — ayS (il?,y) T Oyl ($?y)

To make sure the image I1s smooth enough, the objective functions can be written as:
. 2 2
e ()\1 Z (0xSp — Oz 1p)™ + Ao Z (OySp — Oylp) )
P P

Two fidelity terms can ensure the smoothed image S is similar to the original image I.

e Generative Adversarial Loss

m(%n max Eiox|logD(z)|+ E.z |log(1—D(G(2)))
The generative network G is trained to map samples from noise distribution P- to real-world data
distribution Pdata through playing a minimax game with the discriminative network D . And D aims to
distinguish the real samples = ~ pg4.:c and the generated samples G (z) ~ p, in the training procedure.
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—» SGAN (Smooth Generative Adversarial Networks)
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We adapt the GANSs learning strategy to remove ring artifacts in CBCT images:

121811 mgx oy, ~y log D (yg)| + Ez~x [log (1 — D (S (2))),

SGAN composing of two modules:
e The image generative network with smooth loss Gy ;
e The discriminative network D .

(Xinputa ywithout—a,rtifa,cts) - the loss function

D = —log D (y,)] — log [D (S (x)) — 1]

Gs =log[D(5(z)) — 1] + ()\1 Z (025 () — amyg)Q + A2 Z (0yS (z) — 8yyg)2)

Given a pair of data: (z,vy,) €
can be defined as:

— Experimental Results and Comparisons

We conducted experiments on both simulated and real data. These CBCT
Images are all gray scale and the values of all pixels were normalized to [0, 1].

e Qualitative Evaluation

Here shows some generative
processes on the two kinds of
simulated CBCT images. Our
method generated the high-
quality CBCT Images without
ring artifacts gradually from the
simulated CBCT Images after
many Iterations of training.

REMOVING RING ARTIFACTS IN CBCT IMAGES VIA
GENERATIVE ADVERSARIAL NETWORK
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We compared the proposed method with three .
existing methods: the wavelet Fourier filtering (WF) . Y e
[1], the ring correction in polar coordinate (RCP) [2] w25 oLl ' '
and the variation-based destriping model (VDM) =, il
[3]. Our method effectively removed ring artifacts 5,15
while preserving details and edges information of o, f*
the CBCT images during smoothing. 05
Meanwhile, the loss of the generator and the 00 =000 ao00 T Eo00 B0 ™ 0000
discriminator converges gradually. lterations

e Quantitative Evaluation
We used Peak Signal to Noise Ratio (PSNR) and

Methods | PSNR(dB) | MSSIM Mean Structural Similarity (MSSIM) as quantitative
WF 43.8253 0.9646 assessments.
RCP 429617 | 0.9533 it can be observed that the proposed method
VDM 45.6575 | 0.9724 retains the information of the original CBCT images
Proposed | 48.9887 0.9859 to the largest extent.

W e Introduced the Dblock
total variation (TV) and the ol
block coefficient of variance 1 mwr
(CV) to measure local homo- o
geneity and smoothness of
Images . We chose three
different representative blocks
as ROIs in simulated Images.

12 - 0.1 -

B Reference B Reference

009 1 m Corru pted

0.08 -
MP

VDM > i VDM
Proposed 0.06 ©  Proposed
| -3005
O
- ().04
4 | Cﬂ
b 0.02 -
I 0.01 -

co
|

Block TV

From the bar charts, the T et b ey 0 h —y Tk
values of our method are the k k  o(BY)
closest to base images. TV(BY) =[o.B"| +|o,B"| , k=12, N CV(B")= (B k=12 N

—» Conclusions

W e proposes the smooth generative adversarial networks (SGAN) to remove ring artifacts in CBCT
Images. It combines the generative adversarial loss and the smooth loss as a novel training loss function.
Both of the generator and the discriminator can be trained to remove ring artifacts in CBCT images by
means of image-to-image. Experimental results demonstrate that the proposed method Is more effective
on both simulated data and real-world CBCT images, compared with other algorithms.

That's the end of this paper. Thank you for watching!’
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