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Six steps in 
radiation 
oncology

Treatment 
decision

Segmentation

Planning

Plan evaluation

Treatment 
delivery

Response 
evaluation



The human process

• Gleason Score 8

• Extracapsular 
extension - present

• Seminal Vesicle 
involvement - present

• Nodal involvement -
absent

• Distant metastases -
absent

Prostate Cancer

Long term ADT and RT Segment structures and edges Evaluate plan based on rules



Each step involves 
complex decisions 
and calculations 
based on multiple 
inputs:
data and images



Problems in the process

• Manual and repetitive tasks e.g. segmentation, 

planning steps, follow up visits

• Generalized decision-making – e.g. doses, 

constraints

• Inefficiency – e.g. plan evaluation

• Difficulty in prediction



What is AI?

• AI is a broad and 

rapidly evolving 

term

Data Science

Machine learning

Deep Learning

Generative AI



Can we put in an image 
as a ‘parameter’?



Image = Data
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Image = data

Color images have 3 
channels



OMG! How will I deal with 
all these numbers?!!

Deep Learning



The Convolutional Neural Network (CNN)

• https://towardsdatascience.com/a-comprehensive-guide-to-convolutional-neural-networks-the-eli5-way-3bd2b1164a53

https://towardsdatascience.com/a-comprehensive-guide-to-convolutional-neural-networks-the-eli5-way-3bd2b1164a53


Convolution and pooling

• https://towardsdatascience.com/a-comprehensive-guide-to-convolutional-neural-networks-the-eli5-way-3bd2b1164a53

convolution pooling

https://towardsdatascience.com/a-comprehensive-guide-to-convolutional-neural-networks-the-eli5-way-3bd2b1164a53


CNN architectures for image segmentation

• The U-Net and its 

variations are the 

most common 

architecture used in 

the image 

segmentation 

domain



Machine learning and 
AI applications



Atlas based 
autosegmentation

• Uses selection of a similar case (or cases) for a library 
of patients.

• Then uses deformable registration techniques to 
warp the segments to fit the contours to a new 
patient.

IEEE Transactions on Medical Imaging, 38(1), 99-106.



Deep learning based autosegmentation

• U-Net: A 

convolutional neural 

network that is 

designed for image 

segmentation 

• Allows more accurate 

results with fewer 

training image-sets.





Autosegmentation

GE autosegmentation



RaySearch autosegmentation



DL based autosegmentation consistently 
outperforms atlas-based techniques.



DL autosegmentation in real life

• At Tata Medical Center, our in 
house research feeds into 
clinical practice.

• DL based autosegmentation 
models are used daily 
currently in 3 anatomical sites, 
but eventually in most 
anatomical sites



Auto-
segmentation 
progress

• Autosegmentation is now more or 

less a solved technical problem

• What needs to be done:

▪ Validation on CT scans in our own 

patients

▪ Cost and availability

▪ Continuous improvement in accuracy

▪ Accommodating changes in practice 

guidelines.



AI in 
treatment 
planning



Traditional automated treatment planning

Automated Rule 
Implementation

Knowledge Based 
Planning

Multi-criteria 
Optimization

Automate the sequence 
of planning steps

Varian ESAPI
Pinnacle AutoPlanning

Library of cases

Varian RapidPlan
Voxel based planning

Derive beam 
arrangement and DVH 

constraints

Input into TPS

Deals with changing 
DVH criteria by creating 

anchor plans for each 
criterion – ‘Pareto 

surface’

RaySearch Raystation
Varian ECLIPSE





Current automated treatment planning

Automated Rule 
Implementation

Knowledge Based 
Planning

Multi-criteria 
Optimization

Automate the sequence 
of planning steps

Varian ESAPI
Pinnacle AutoPlanning

Library of cases

Varian RapidPlan
Voxel based planning

Derive beam 
arrangement and DVH 

constraints

Input into TPS

Deals with changing 
DVH criteria by creating 

anchor plans for each 
criterion – ‘Pareto 

surface’

RaySearch Raystation
Varian ECLIPSE



Novel AI approaches

Anatomy

Constraints

Prescription

Machine Learning 
Models

Planning weights and 
priorities for DVH

Auxiliary structures

Deep Learning 
Models

Spatial voxel based 
dose distribution

U-net

Resnet

Dosenet
RL

GAN



GAN in Automated 
Treatment 
Planning







Does automation work in real life?



AI in Clinical Decision 
Support



Published Clinical Decision Support Systems
Cancers Input data No of 

patients
Endpoint Author

Lung and HN 
Cancer

Radiomics 1,019 Prognosis Aerts

Prostate Cancer Imaging (mpMRI, 
PIRADS)

223 Active surveillance De Corbelli

Colon Clinical Data 5,301 Benefit of adjuvant 
therapy

Steele

Breast/ Liver Clinical Data 2,458 General feasibility Gorunescu

Brain metastases 495 Survival after SRS in 
lung cancer brain mets

Zindler

Skin Photos from 
mobile phones

129,450 Diagnosis and 
classification of skin 
cancer

Esteva

Cervical Cancer Cytology images 2,267 Diagnosis of cancer Kyrgiou

Bladder Clinical/Path 1,964 Pathological upstaging Mitra



Clinical prediction models - TMCK



Generative AI

AI models that create text, art, music or any other creative output

ChatGPT and many others

Logarithmic scale of development

Rapid advances into healthcare





Many challenges in clinical applications

Algorithms 
need ‘lots of 

data’

Data needs 
‘consistent 
annotation’

Images need 
‘uniform 

acquisition’

Medical Data 
needs ‘Privacy 

controls’

Medical data 
needs 

‘interoperability’

Models need 
‘external 

validation’



Need for data and image repositories



Tata Medical Center - CHAVI-RO

• The First Appropriately annotated image bank in India

• Pilot using primarily Radiation Oncology Images (CHAVI-RO) 

as the first in the world

• Set deliverables within 18 months:

Informed consent and infrastructure set up

Set up software (medical and clinically customised)

Collaborative effort- Integrate departments





CHAVI – Image De-identification 
System

Kundu S, Chakraborty S, Chatterjee S, Das S, Achari RB, Mukhopadhyay J, et al. De-Identification of Radiomics Data Retaining Longitudinal Temporal 
Information. J Med Syst 2020;44:99. https://doi.org/10.1007/s10916-020-01563-0.



CHAVI – Relational (MySQL) Database

Kundu S, Chakraborty S, 
Mukhopadhyay J, Das S, 
Chatterjee S, Basu Achari R, et 
al. Research Goal-Driven Data 
Model and Harmonization for 
De-Identifying Patient Data in 
Radiomics. J Digit Imaging 2021. 
https://doi.org/10.1007/s10278
-021-00476-9.



Projects
Intelhope

PET-Radiomics
Hyport-adjuvant

Doseomics
IMPRINT

Prediction
RadGlio High

MRI-Radiomics

Clinical, molecular, QA, treatment & outcomes banked in CHAVI



Integration is 
the key

• We believe that the 

future lies in 

integrating images and 

data from a myriad 

sources.



AI will transform radiation oncology 

•Approximately 70% of our work will get automated 
within 5-10 years

• Roles and responsibilities will change.

• Job market will change, even in India, over the next 
decade.

•Generative models will further impact our work in 
ways which we cannot fathom right now.



When the winds 

of change blow, 

some people 

build walls, 

while others 

build windmills.

Chinese Proverb
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