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ization methods commonly estimate the tumor motion by measuring the similarity between the X-ray images and digitally
reconstructed radiography (DRR) computed from computed tomography (CT). However, due to the scatter, beam harden-
ing and quantum noise, there exists intensity inconsistency between the X-ray projections and DRR which may compromise
the accuracy of tumor localization. Thus, it is crucial to calculate DRR similar with the X-ray images for precise tumor
localization. Current DRR-relevant methods can be segmented into two categories: 1) statistical-based Monte Carlo (MC)
simulation and 2) analysis-based ray tracing (RT). The MC methods simulate the interaction process hetween photons and
human tissue and can generate DRRs of high similarity with the X-ray projections. But it suffers from low computational
efficiency which hinders its clinical application. The RT methods calculate DRR by simulating the absorption and attenua-
tion process of X-ray penetrating human tissue. Compared to MC methods, the RT methods have higher computational effi-
ciency, but there is a big intensity gap between their results and the real X-ray images. To address the problems mentioned
above, we develop an improved cycle consistency generative adversarial network (Cycle-GAN) based DRR generation algo-
rithm (CG-DRR), which can efficiently generate DRR with high similarity to the X-ray images. Method CG-DRR consists
of two mapping functions G, G, and associated adversarial discriminators D, D,. The G is trained to generate DRRs indis-
tinguishable from X-ray images based on DRR calculated by RT (DRRy;) , while D, aims to distinguish between generated
DRRs and real X-ray images, and vice versa for G, D_. The training loss for CG-DRR is composed of three elements: 1)
adversarial loss for matching the distribution of generated DRR to the X-ray distribution in the target domain; 2) a cycle
consistency L1-norm loss to prevent the learned mappings G,, G, from contradicting each other; and 3) gradient penalty
configuration to stabilize network training. For validation, planning CT and CBCT (cone beam computed tomography) pro-
jections (X-ray images) for radiotherapy of 3 pelvic and 3 chest patients are collected. For the pelvic/chest data, the CG-
DRR is trained on 1 077/588 CBCT projections randomly selected from two patients and tested on 100/50 unseen CBCT pro-
jections from the same patients, and 100/50 CBCT projections randomly selected from the third patient. The third patient
data was only used for testing to evaluate the inter-patient generalization performance of the CG-DRR. The overall frame-
work is composed of three stages. In the data preprocessing stage, FDK (Feldkamp-Davis-Kress) algorithm is first used to
reconstruct the 3D CBCT image based on the CBCT projections. Rigid registration is then performed to align the CT with
CBCT. The DRR;, can be generated according to the geometric parameters of CBCT projections. The CBCT projections
and DRR, are rescaled to 256 X 256 pixels and their intensity is normalized into [0, 1]. In the training stage, the param-
eters of CG-DRR are optimized using mini-batch (size = 4) stochastic gradient descent (SGD) and Adam solver (8,=0.5)
through alternating gradient descent steps on the discriminators and generators. The learning rate is fixed at 0. 001 in the
first 100 epochs, and then decreased to 0 in the next 100 epochs linearly. In the application stage, the input of G, is
DRR,,, which is rescaled to 256 X 256 pixels and normalized into [0, 1]. The output of G, is up-sampled and
de-normalized to obtain a DRR with the same size and intensity range as the CBCT projections. Result Evaluation is per-
formed by comparing the generated DRR to ground-truth CBCT projections in terms of the peak signal-to-noise ratio
(PSNR), the mean absolute error (MAE) , the normalized root-mean-square error (NRMSE) , and the structural similarity
index (SSIM). To further evaluate the structural consistency, two additional indicators, feature similarity index measure
(FSIM) and gradient magnitude similarity deviation (GMSD) , are also evaluated. For RT, RealDRR and CG-DRR, 1)the
average PSNR are 11. 6 dB, 32.9 dB, 29. 6 dB for pelvic data, 16.4 dB, 31.3 dB, 25.2 dB for chest data; 2) the aver-
age MAE are 0.21, 0.02, 0.03 for pelvic data and 0. 12, 0.03, 0. 05 for chest data; and 3) the average NRMSE are
0.27, 0.03, 0. 04 for pelvic data and 0. 16, 0. 04, 0. 06 for chest data; 4) the average SSIM are 0. 745, 0. 985, 0. 980
for pelvic data and 0. 840, 0.985, 0. 975 for chest data. But, the results of Real DRR contain noticeable structural distor-
tions, with faked or missed tissue structures compared with DRR,. Especially for chest data, the position of the thoracic
diaphragm is significantly shifted. Compared with the results of RealDRR, CG-DRR can keep a good consistency of tissue
structure. For the average FSIM, the pelvic results are increased from 0. 855 to 0. 870, an improvement of 2%3; the chest
results are increased from 0. 91 to 0. 93, an improvement of 2. 2%. For the average GMSD, the pelvic results decreased
from 0. 175 to 0. 17, a reduction of 2. 9%; the chest results decreased from 0. 135 to 0. 115, a reduction of 14. 8%. For
computational efficiency, the CG-DRR can render a highly realistic DRR in 0. 31 s. Conclusion The cycle-consistent gen-

erative adversarial mechanism is applied to DRR generation. The proposed algorithm can efficiently generate DRR that has
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good intensity similarity and structural consistency with X-ray projections.

Key words: digital reconstructed radiograph (DRR) ; intensity correction; deep learning; cycle-consistent generative

adversarial networks; gradient penalty
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Fig. 4 Results of the pelvic region experiment ((a) X-ray images; (b) ray tracing; (¢) RealDRR; (d) CG-DRR)
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Table 1 Comparison of experimental results for pelvic data

. 195012 5 i R A 3 il R K e
sk MAE NRMSE SSIM PSNR/dB MAE NRMSE SSIM PSNR/dB
TR ER 0.20+0.03 0.25 0.75 12.06 0.22+0.02 0.28 0.74 11.2
RealDRR 0.01+0.01 0.01 0.99 36.74 0.03+0.01 0.04 0.98 29.23
CG-DRR 0.03+0.02 0.03 0.98 30.18 0.03+0.01 0.04 0.98 28.98
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Table 2 Comparison of gradient index between
RealDRR and CG-DRR for pelvic data

. 1512 55 1 R A Al 3 Sl R
ke FSIM GMSD FSIM GMSD
RealDRR 0.84 0.19 0.87 0.16
CG-DRR 0.86 0.18 0.88 0.16
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Table 3 Comparison of experimental results of chest data
) 455 Sl R A 6 5l R X
s MAE NRMSE SSIM PSNR/dB MAE NRMSE SSIM PSNR/dB
JELR B R 0.12+0.04 0.18 0.79 15.50 0.11+0.04 0.14 0.89 17.28
RealDRR 0.01+0.01 0.02 0.99 36.06 0.04+0.01 0.05 0.98 26.62
CG-DRR 0.04+0.01 0.05 0.97 25.72 0.05+0.01 0.06 0.98 24.69
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e h
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(a) XHTEHE (b) JELRERERIE

(d) CG-DRR

(c) RealDRR

KRR lichi € PR
Fig. 5 Results of the chest data experiment ((a) X-ray images; (b) ray tracing; (¢) RealDRR;(d) CG-DRR)
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Table4 Comparison of gradient index between
RealDRR and CG-DRR for chest data
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RealDRR 0.90 0.15 0.92 0.12
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