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Introduction:

Proton Beam Therapy (PBT) is a form of cancer treatment that recently has become 
available in the UK. 

Compared to the conventional radiotherapy, PBT is highly targeted, so reduces the risk of 
radiation damage.

That makes it particularly favourable to children, who are very radiosensitive and commonly 
develop radiation-induced side effects of treatment later in their life. 

Background:

Results:

Methods:

Conclusions:

Our AI-based method improves the quality of CBCTs, while 
preserving their anatomical structures. 

That potentially allows for Proton Beam Therapy plan verification 
and its immediate adaptation, to ensure successful treatment.
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•Acquired in advance to the treatment 

•Higher resolution CT images 

•Used for planning of the therapy

•Acquired daily just before the treatment, 

when a patient is on the treatment couch

•Show on-the-day of treatment anatomy

•Lower quality of CT images, needs 

improvements for treatment monitoring

Abdominal structures in children are affected by 

significant gas filling fluctuation [2].

That might result in treatment plan deviations.

The treatment plan accuracy is important and 

requires monitoring to ensure safe and 

successful treatment.

Fig. 1 Difference between conventional Intensity Modulated

Radiotherapy (IMRT) and Proton Beam Therapy (PBT) plans.

PBT results in smaller volume of the body being radiated [1].

a)

b)

Fig. 2 a) Original PBT plan

b) deviations caused by

changes in bowel gas filling [2].

Fig. 3 Comparison between CT

and CBCT for the same section of

anatomy at different points in time.
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2. Smart training data selection

Fig. 5 All patient’s images

(CTs and CBCTs) were

mapped to an average CT

image. A common section of

the body was identified. The

common section was

mapped back to the original

CTs and CBCTs and only

those slices were used for

training.

3. Axial normalisation 

1. Global residuals only learning

Fig. 4 We assumed that CBCT represents a corrupted CT image with unwanted artefacts. Instead of generating a whole 

synCT, we estimated only global residuals which were combined with the input CBCT to create the final synCT.

Global Residuals Connection
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We adopted an AI cycle consistency 

Generative Adversarial Network [3].

We tailored the original framework 

to address challenges in paediatric 

application.
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SSDvCT SSDCBCT

Baseline 62.37 58.28

Proposed 53.18 37.19

Fig. 3 Cycle consistency Generative Adversarial

Network (cycleGAN) simultaneously generates

synthetic images from two distinct modalities.

Fig. 6 We applied axial normalisation based on body

contours to compensate for significant differences in

body size in paediatric population.

4. Structure consistency

CBCT synCTNormalised Cross 

Correlation

Fig. 7 We introduced a constrain in a form of a Normalised

Cross Correlation loss function between the original CBCT

and synCT to ensure structure consistency.

Fig. 8 An example of a

CBCT, and an expected

corresponding CT (vCT)

used as reference images.

We show difference

images to highlight good

artefacts removal and

structure correspondence

by our proposed method

(red box). The yellow

arrows point at the regions

with largest errors for the

baseline method

Fig. 9 The results of 5-fold Cross Validation on the

development dataset. The proposed method achieves lower

errors (better results) and smaller distribution, which indicates

better correspondence with both reference images

Tab. 1 The results of Sum of Squared Differences

on an unseen testing dataset. The proposed

method achieves better results.
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Proposed synCT – results from the 

proposed AI-based method

Baseline synCT – results from a 

standard AI-based cycleGAN method

CBCT – input Cone Beam CT image

vCT – Virtual CT scan matched to the 

input CBCT


