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©Z Detection & Segmentation

Is there a lesion?
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Comparison Evaluation

Detection:FROC

FROC performance
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_ Detection Segmentation " Pixel-level analysis to >
Uses bounding boxes to i To.8l
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precise boundary
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without boundaries Average number of false positives per scan

Highly personalized

Supports automatic
radiotherapy workflows,
guiding decisions between
involved field vs. elective
lymph node irradiation.

Less personalized

Segmentation:loU/Dice

loU Dice Coefficient

20

Facilitates quantitative analysis
over time, including volume
analysis and biomarker
research (radiomics)

Treatment planning,
response evaluation

Wu W, et al. Front Immunol 2025
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Fully convolutional networks for semantic segmentation
J Long, E Shelhamer, T Darrell - Proceedings of the IEEE .., 2015 - openaccess thecvi.com

_.. and transfer their learned representations by fine-tuning [3] to the segmentation task. We then
... Qur fully convolutional network achieves stateof-the-art segmentation of PASCAL VOC (20...
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U-net. Convolutional networks for biomedical image segmentation
O Ronneberger, P Fischer, T Brox - ... Conference on Medical image ..., 2015 - Springer

... We demonstrate the application of the u-net to three different segmentation tasks. The
first task is the segmentation of neuronal structures in electron microscopic recordings. An ..
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nnU-Net: a self-configuring method for deep learning-based biomedical image
segmentation
F Isensee, PF Jaeger, SAA Kohl, J Petersen... - Nature ..., 2021 - nature.com

.. nnU-Net, we systematically tested the performance of common pipeline variations by
systematically modifying some of nnU-Net'... against our default nnU-Net configuration, which ...
17 Save U9 Cite Cited by 7188 Related articles All 9 versions Web of Science: 4986

nnu-net revisited: A call for rigorous validation in 3d medical image segmentation
F Isensee, T Wald, C Ulrich, M Baumgartner .. - ... Conference on Medical ..., 2024 - Springer

... P1), we introduce new nnU-Net ResEnc presets, which use nnU-Net's existing automatic ...
in the nnU-Net framework except SwinUNMETR(V1+V2), which we integrate into the nnU-Net __.
17 Save U9 Cite Cited by 292 Related articles All 7 versions
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' Segmentation: From FCN to U-Net to Transformers @ zinc

Head and Neck Cancer GTV Segmentation
with Limited PET

Automated segmentation results. Columns show CT, PET, ground truth, nnU-Ne
nnFormer, and the proposed model(Wu W, Sun R, in prep).
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roF1 An image is worth 16x16 words: Transformers for image recognition at scale
A Dosovitskiy, L Beyer, A Kolesnikov, D Weissenborn, X Zhai, T Unterthiner, M Dehghani...
arXiv preprint arXiv:2010.11929, 2020

arxiv.org

Abstract

While the Transformer architecture has become the de-facto standard for natural language
processing tasks, its applications to computer vision remain limited. In vision, attention is
either applied in conjunction with convolutional networks, or used to replace certain
components of convolutional networks while keeping their overall structure in place. We
show that this reliance on CNNSs is not necessary and a pure transformer applied directly
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Swin-unet: Unet-like pure transformer for medical image segmentation
H Cao, Y Wang, J Chen, D Jiang, X Zhang... - European conference on ..., 2022 - Springer

.. Swin ... Swin Transformer's [18] success, we propose Swin-Unet to leverage the power of

Transformer for 2D medical image segmentation in this work. To our best knowledge, Swin-Unet ...
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Mask r-cnn

K He, G Gkioxari, P Dollar . - Proceedings of the IEEE .., 2017 - openaccess thecvf.com

_. mask, with minimal modification Mask R-CNN can be applied to detect instance-specific poses.
Without tricks, Mask R-CNN ... masks on the top 100 detection boxes, Mask R-CNN adds a ...

¥r Save UY Cite Cited by 45512 Related articles Al 22 versions  Web of Science: 10319 &%

Two-stage: proposals = per-ROI class/box + mask; strong for precise instance
delineation and overlapping targets.

Commonly applied on 2D slices; 3D variants exist but are heavier in
memory/compute.

Retina U-Net: Embarrassingly simple exploitation of segmentation supervision FPN
for medical object detection o—¢8 ® @, A4° @ @
J— i » cl*
PF Jaeger, SAA Kohl, S Bickelhaupt .. - .. leaming for health .., 2020 - proceedings mir.press = W Coro 'E ep o) | oo po-ret o
.. Retina U-Net, a simple architecture, which naturally fuses the Retina Net one-stage detector — RoiAlign - RolAlign
with the U-Net ... Specifically, we propose Retina U-Net, a simple but effective method for ..
77 Save Y Cite Cited by 310 Related articles All 6 versions 9% U-FPN d_Retina U-Net astago .2 U-Net + Heuristics
O 1] &) &) ' Connected i
O—— &3 cl component ;
One-stage: RetinaNet-style anchors + U-Net decoder; uses focal loss and 5—& 9 O bb-ret. | ~
. . L - 2 2 _
leverages segmentation labels to boost detection on small datasets. — RoiAlign ot lev
Scales naturally to 2D/3D volumes; efficient when positives are rare and you need [] Feature map B Semantic Seg. Features bb Box-Regression @ Stages

1
1
|
1
1
1
|
1
1
1
|
1
1
1
|
1
1
1
a) Mask R-CNN b) Faster R-CNN+ c) Retina Net 1
P 1
1
1
|
1
1
1
|
1
1
1
|
1
1
throu g h p ut. [ Coarse Features for Detection 4 Semantic Seg. Signals ¢l  Classification (* fgvs.bg) [l Region Proposal I
|

1

1



T —
C nceéropole
fle-de-France

ar 'M'CQ iNCe

Fanmion
e

Institut National
du Cancer

0.7l s
s ©®
e ® ®
0.6/ LB s
% 0.5 °
z °
= 0.4
o
£ 03]
# 0.2, e e ®
nnDetection: a self-configuring method for medical object detection ¢
M Baumgartner, PF J&ger, F Isensee... - ... conference on medical ..., 2021 - Springer o1 PR S—
. - 155
... The resulting self-configuring method, nnDetection, adapts itself without any manual ... 00l ® @ nnDetection (ours)
We demonstrate the effectiveness of nnDetection on two public benchmarks, ADAM and ... T 003T 0750 2,000 16,000

False Positive Count (lower is better)
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“| think that if you work as a radiologist, you are like Wile :
E. Coyote in the cartoon. You're already over the edge of |
the cliff, but you haven't yet looked down. There's no :
ground underneath. People should stop training |
radiologists now. It's just completely obvious that in five |
years deep learning is going to do better than |
radiologists.” i

Nov 24, 2016

Geoffrey Hinton

https://youtu.be/2HMPRXstSvQ?si=V_MLXfiGON8gm67T
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Post-treatment tumors are harder
(e.g., BraTS 2024)
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— Generalization
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— Workflow & Interaction

— Generalization

* Technical Challenges
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— Generalization — Privacy
— Reliability — Policy
— Workflow & Interaction — Financial incentives

— Equality



- A

’Q

#g@}??) %  lle-de-France

gimits Foundation Models = Big Model x Big Data x Self-Supervision o

Rl X Bilen
Gu#

A New Era of Al: Foundation Models

Step function improvements over legacy Al technologies

classifier
Model1l Task1 g
) » Taskl Task1
Pretrain
Model Generative
Model2 Task2 Pretrain » Task2 Tuning » Task2
Model Model
Task3 Task3
Model3 Task3

|
1
1
1
|
1
1
1
|
1
1
1
|
1
1
1
|
1
| Feature - centric Model - centric Data - centric
|
1
1
1
|
1
1
1
|
1
1
1
|
1
1
1
|
1



i I» Foundatlon Models = Big Model x Big Data x Self- ™ "=

......... iNCa
q FRANCATE 1 [ ]
é (.".‘?.",&.m I s’tlu’lN I:nllal

Traditional Al models Foundation models

Tasks

Training
, Massive external data Large i o
| e e scale supervised a
Lo | TAGsscAsTTTAN) : 3

bl ~
o | CAGTATCTGTGTGETGE] i

I

I

| Accurate Prognosis Treatment

| ECG Genome Text Diagnosis Prediction Planning
— SYet i _« —

| I, o -

I - $ —

| ". ' i i

| S Pretrained Prompting

| X-Ray Ultrasound Pathology ‘e-Consultation Triage Generation

| e / &+

| Y [=

| > | o

| 1 2 3 : > Tan

Surgical Drug Decision
| Planning Discovery Support

Few-shot learners Generative Reliable

2H



a3t

42¢> Foundation Models = Big Model x Big Data x Self- ™ ™"

CANCERDP0LE o
%@% s QA/%B@ gm e LQCW;\
2ix>  Supervision

Segment anything I__‘i’ 0 < B\ B Y & G
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nature communications

Article https://doi.org/10.1038/s41467-024-44824-2

Segment anything in medical images
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* Deep Learning

— A branch of machine learning using multi-layer neural networks to learn features
end-to-end from data for classification, detection, and segmentation.

* Advantages
— Handles complex, high-dimensional medical images
— Enables new imaging biomarkers and more personalized care
* Challenges
— Generalization, Reliability, Workflow & Interaction
* Future directions
— Foundation models, Uncertainty quantification, Clinical integration

* The real breakthrough is making Al a partner to clinicians—calibrated,
interpretable, robust, and woven into the workflow—not a replacement.
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