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ABSTRACT

Purpose: To assess ‘black-bone” MRI
(inverted PD contrast spoiled-GRE) as
an input to synthetic CT algorithms.

Methods: 5-fold cross validated U-
Nets were trained on black bone and
T1 Dixon in-phase inputs. Image
metrics were compared, included
bone- and soft tissue-specific MAE. A
comparative radiotherapy plan was
made.

Results: Black-bone and T1 Dixon in-
phase trained networks produced a
bone-specific MAE of 317.5 £ 35.0
HU, and 431.8 + 53.4, respectively.

Conclusion: Black-bone trained
networks were shown to produce a
statistically significant reduction in
the error for cortical bone estimation
compared to T1 Dixon in-phase
models.
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Deep learning-based synthetic CT from black-bone MRI with limited

retrospective clinical data for MR-only treatment planning
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INTRODUCTION

Bone estimation is challenging in synthetic CT due to
poor bone contrast in standard MRI, due to the
ultrashort T2 decay times of cortical bone. Black-
bone MRI has been shown to provide excellent
contrast of the cortical bone compared to standard
MRI sequences [1]. Black-bone has a strong
resemblance to CT on contrast inversion. Synthetic
CT literature often explores new deep learning (DL)
models used for synthetic CT generation but rarely
discusses the effect of sequence on model training
and the accuracy of the resulting synthetic CT[2,3].
Synthetic CT literature often uses T1 [4], T2[5],
quantitative maps[6], ZTE[7,8,9], and UTE [10]
inputs, but has yet to use black-bone as an input
sequence.

We aimed to evaluate whether this improved
cortical bone contrast could be exploited as an input
to deep-learning based synthetic-CT models for the
improved estimation of the Hounsfield units of
cortical bone in the resulting synthetic CT. This could
then be used for improved accuracy in MR-only
treatment planning.

METHODS AND MATERIALS
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Figure 1. U-Net architecture used in training. Figure adapted from [11].

*Acquisition: black-bone MRI (TE=4.77ms, TR=6.4ms,
FA=3°)/T1 Dixon in-phase (T1Din) (TE=4.77ms,
TR=6.83ms, FA=15°)

*Registered to CT using SimplelTK algorithm
performing a  two-stage rigid and affine
transformation

*The contrast of the black-bone MRI was inverted
*N=15 paired datasets were split at the patient-level
for 5-fold cross validation (CV)

*10-2-3 train, validate, test

*Splits were consistent for training both models
U-Net models trained with OneCycleLR [12]
(learning-rate=3x10-43x10-4, batch-size=2) for 35
epochs, optimised with Adam [13], using a combined
loss function (A = 1.0, A, =0.1)

Mean absolute error (MAE), structural similarity
index (SSIM), and peak signal-to-noise were
reported, along with soft tissue and bone specific
results by creating bone and soft tissue masks
*Paired t-tests compared results

*A comparative radiotherapy plan was created
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Figure 2. Combined loss functions.

Soft tissue MAE

MAE (HU) SSIM (dB) Bone MAE (HU) (HU)
Black-bone 81.9+12.9 0.758 + 0.029 26.55 + 0.45 317.5 + 35.0 66.4 + 8.3
T1 Dixon in-phase 79.7 + 16.9 0.768 + 0.021 24.89 + 0.65 431.8 +53.4 56.5 + 7.5
Difference 2.2+4.0 0.01 + 0.008 1.66 + 0.20 114.3 + 18.4 9.9+0.8

HU

Table 1. Image metrics comparison results

Patient 3

Figure 5. Box plots for each metric for each of the 3 test patients

RESULTS

MAE, PSNR, SSIM, Bone MAE, and soft tissue MAE
averaged over all CV folds can be seen in Table. 1.
Comparison grids showing the MR inputs, ground truth
(GT) CT, synthetic CT, and difference map, across 4 slice
positions for an example test patient, can be seen in Fig.
3 and Fig. 4. Box plots for each image metric for each test
patient can be seen in Fig. 5. A comparative RT plan was
created and had a dose difference to the PTV of 0.3%.

DISCUSSION

 With identically trained networks, black-bone MRI
outperformed T1 Dixon in-phase inputs for CT
bone generation in every test patient (p<0.01).

 Bone was better defined in BB MRI sCTs

e T1 Dixon in-phase had a statistically significant
improvement in soft tissue, but this is minor
overall (9.9 + 0.8 HU)

 Misregistration, different couch shapes, patient
setup differences, input sequence parameter
differences are all limitations.

Future work:

 Standardised data acquisition in the planning
position

 Explore other body regions for model training

* Dosimetric assessment

* Geometric assessment

CONCLUSIONS

Black-bone MRI was shown to be an effective input
to deep learning based synthetic CT models, and
produced a statistically significant improvement in
the estimation of cortical bone, compared to the
gold standard single input, T1 Dixon in-phase images.
This was shown by training identical 5-fold cross
validated networks for BB and T1 Dixon in-phase
Images.

This could improve accuracy in MR-only treatment
planning, especially in sites treating around bone.
Further study into the potential dosimetric
improvements is needed.
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