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Comuter vision: Image classification

3

[Krizhevsky  et al 2012]

ImageNet 14 M images
20000 different  object categories
2022 91% accuracy
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$ß×ÓÖÚÐÖÕɯȱ
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Google scolarñ(AI OR artificial OR (machine learning) OR (neural

network) OR computer OR software) AND ([specific keyword])

Transformers

GPT model

NN applications

Cs.AI category on arXiv.org 

ChatGPT-3.5
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Joshi et al. Electronics 2024

The majority (97%) of FDA approvals was approved 
through the 510(k)-clearance pathway, relying on the 

demonstration of substantial equivalence that
circumvents the necessity for exhaustive clinical trials 

(3%).
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Automatic  segmentation
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[Gryska et al BMJ Open 2021]
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CNN in Radiology
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ÅPubMed 2013-18ȹɂ#+ɂɯÖÙɯɁ"--ɂȺɯÈÕËɯȹɁÐÔÈÎÌɂɯÖÙɯɁÐÔÈÎÐÕÎɂɯÖÙɯɁÙÈËÐÖÓÖÎàɂ) 

Å744 art. 180 relevant

[Soffer et al 2019 Radiology]
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Clinical  Deployment
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Yu et al Nat Bio Eng 2018
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Challenges

11

Rajpurkar et al 2022 Nat Med Specific tools 
& infrastructures

Legal / Societal

Ethical

Original ML techniques

Multi-modal/Multi -scale

Applications

Clinical use
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ML & CNN
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[Hosny et al 2018 Nature]
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Life Science applications
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ÅClassification/segmentation/detection
Moeskopset al TMI 2016; Rajchlet al MIDL 2018 (brain tissue); Dolzet al. Neuroimage2018 (brain structures); Kamnitsaset al 
MediA2016 (brain lesions)
Kleesieket al Neuroimage2016 (brain extraction); Havaeiet al MediA2016 (brain tumors)
Suk et al NeuroImage2014 (AD/MCI)
Zhao et al MediA2017; Suk et al NeuroImage2016; Kin et al Neuroimage2016 (functional brain networks)
Ciompiet al ScientRep 2017 (lung nodules); Estevaet al Nature 2017 (skin cancer)

ÅSynthetic image generation
Nieet al Miccai2017 (MR-CT); Liu et al Radiology 2017 (MR-CT); Zhao et al Media 2018 (retinal images)

ÅPredictive models
Polpinet al Nat Bio Eng2018 (cardiovascular risk); Miotto et al. ScientRep 2016 (deepPatient)

ÅProcessing
Rajchl et al MIDL 2018 (automatic process for segmentation) denoising, registration (see Litjens Media 2017)

ÅRetrieval
Anavi et al Spie 2016

ÅBrain encoding/decoding models
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Classification example
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ÅTraining set: train the model

ÅValidation set: Refine hyperparameters, avoid overfitting

ÅTest set: new set of data to verify the performances

Å3 hidden layers with 100 nodes

ÅReLu

ÅSoftmax output
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Architecture example
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(100*100)+100=10100

From Knoll Ismrm 2018

10100x3+600+303=31203 parameters 
to be estimated
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From Knoll Ismrm 2018

Matlab

Implementation
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Results

17
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Skin cancer classification
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ÅDermatologists vs CNN
Å127.463 biopsy images for training

Å1942 for validation

ÅInception v3

Esteva et al Nature 2017

Gather many data
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Skin cancer classification

19

Esteva et al 
Nature 2017

2032 diseases
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Glioblastome classification
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R=0.767 R=0.674

Liechtyet al 2022 Scient Report
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Computational pathology

21

[van des Laaket all Nat Med 2021]

Original image

manually annotated by an expert

using a deep learning algorithm

Kidney tissue
Purple: glomerulus; red: sclerotic glomerulus;

Dark blue: proximal tubule; orange: distal tubule; 

Green: atrophic tubule; turquoise: artery or arteriole
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Observed

intensities

Tissue

labels

Structure

labels

For brain tissue and structures classification

Grey matterWhite matter

Cerebrospinal fluid

Putamen

Caudate N

Ventricule

Thalamus
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For brain tissue and structures classification

Xi=[T1wi, FAi, MDi, ADi, RDi]

Yi=[1,2,3, 4, 5, Χ]
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Specific considerations in medical domain

24

ÅFew training sets
ÅFew ground truth
ÅNeed of localization not just classification
ÅTouching objects of the same class to be 

separated
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Brain Lesion Segmentation: CNN example

25

Adapted from Knoll Ismrm 2018
26117 parameters to be estimated
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Brain Lesion Segmentation

26

(3D) kernel matrix

l: layer (1:L)
n: neuron
m: feature (1:Cl)
Cl: max feature map or channel

learned bias

CL= segmentation class 

Previous layer

Softmaxfunction

Kamnitsaset al MedIA2017

learned bias

k
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Registration

27

Template T1



Transformation Affine
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Rotation & translation zoom shear

Translation Rotation Zoom Shear

12 paramètres



Transformation Affine : 
Insuffisante

[from Cachia workshop Inserm/CNRS anatomie cérébrale 2006]

Affine = rigide + isométrie (12 paramètres)

Nécessité de recalage non-linéaire
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Registration toward a common template

30

[Collins D. et al., HBM, 1995.]
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Some templates

31

MNI250

250 subjects

Manual 

registration

No cerebellum

[Evans et al. 92]

MNI305

350 subjects

Automatic 

registration

No cerebellum

[Collins et al. 94]

Colin27

1 subject, 27 scans

Automatic 

registration

[Holmes et al. 98]

ICBM152

152 subjects

Automtic registration

T1,T2,PWD, 

No cortical info

[Maziotta et al. 01]

ICBM152 Non linear

152 sujets

[Maziotta et al. 01]
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CNN for tissue segmentation

32

Max pooling 2x2

Max pooling 2x2

Max pooling 2x2

24 filters

32 filters

48 filters

9 classes Moeskopset al TMI 2016

22 neonatal images 3T
20 adult images 3T
15 young adult 1.5T
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Lesion detection in MR brain scans

33

Å3D CNN for MRI
ÅComputationally expensive so limitation of the 

number of layers

ÅInternal covariate shift > convergence pb

Kamnitsas et al Media 2017
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NVIDIA Titan X GPU 12 Gb.  A day training.  30s for segmentation.

Lesion detection in MR brain scans
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Traumatic Brain Injury

35

9 real cases, 9 centers

Inter -Raters

AUTOMATIC

DICE Precision Sensitivity

0.60± 0.03   

0.59± 0.06   

0.68± 0.04   

0.59± 0.07   

0.86± 0.04   

0.66± 0.06   

ICC

0.70

0.70

Normal values computed on 3 healthy 
cases for each center

Kamitsas et al Media 2017

Manual Auto

Stroke (Maier et al 2015) 0.73 0.84 0.69   
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Subcortical segmentation

36

Dolz et al Neuroimage 2018

9 structures
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U-Net approach

23 convolutional networks

[Ronneberger et al 2015]
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U-Net approach
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Decrease spatial
resolution
Increase features

Increase spatial
Resolution
Decrease features

Contracting
Path

Expanding
Path

576 nodes

1152 nodes

2304 
nodes

4608 
nodes
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3x3 Convolution + ReLU
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https:// lmb.informatik.uni-
freiburg.de/people/ronneber/u-net/

3x3 64 channels=576 nodes
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2x2 Max Pooling
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2x2 convolution

41
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NeuroNet
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Å3D Unet structure (DLTK+Tensorflow )
Å16, 32, 64, 128 features

Å1,2,2,2 stride

ÅUpsampling : 64, 32, 16

ÅTraining 5000 T1w, segmented FSL, SPM 
&MALP -EM

ÅValidation 713

ÅUK-biobank
Å100,000 subjects 

Rajchl et al MIDL 2018

time 20 min 1 h. 8 CPU >30 min

vs 90s
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SPM12 NeuroNet
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Data hungry  systems

44

- Gather many data
- Artificially increase the number of examples
- Transfert Learning
- Generate synthetic data
- Pooling from many centers
- Anomaly Detection
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UK BioBank

45

How to scan 100.000 people Brain Imaging in UK Biobank

4 scanners, 54 pat/day, 7/7, 5 years
2022 Jv 50000 subjects

CostΥ ŀōƻǳǘ млƪϵ ŦƻǊ Řŀǘŀ ƛƳǇƻǊǘ

 Miller et al Nat Neurosc 
Multimodal population brain imaging
in the UKBiobankprospective
epidemiologicalstudy.2016

Phenotypic and genetic associations of quantitative magnetic susceptibility in UK Biobank brain imaging Wang et al Nat 
Neurosc 2022 LittleJohns TJ et al Nature Comm 2020

SARS-CoV-2 is associated with changes in brain structure in UK Biobank Douaud et al Nat Neurosc 2022
 

Genome-wide association studies of brain imaging phenotypes in UK Biobank  T Eliott et al Nat Neurosc 2018

The UK Biobank imaging enhancement ƻŦ мллΣллл ǇŀǊǘƛŎƛǇŀƴǘǎΥrationale, data collection, management and future directions

Gather many data

https://eds-p-ebscohost-com.proxy.insermbiblio.inist.fr/eds/viewarticle/render?data=dGJyMPPp44rp2%2fdV0%2bnjisfk5Ie45PFKs6mxTbKk63nn5Kx94um%2bTq2orkewprBKnqe4SrGws0iexss%2b8ujfhvHX4Yzn5eyB4rOrSa%2bvr0ixrrdIsZzxgeKztHq027BM4K2rS%2bOvtUWy2q5Pq663T7WjsUmyq65JtauzUOSqvorj2ueLpOLfhuWz5Iqk2uBV4ePjfOuc8nnls79mpNfsVbCttEyxqrFIpNztiuvX8lXk6%2bqE8tv2jAAA&vid=0&sid=6b6e24b7-3e97-4d07-8977-3145017558f4@redis
https://eds-p-ebscohost-com.proxy.insermbiblio.inist.fr/eds/viewarticle/render?data=dGJyMPPp44rp2%2fdV0%2bnjisfk5Ie45PFKs6mxTbKk63nn5Kx94um%2bTq2orkewprBKnqe4SrGws0iexss%2b8ujfhvHX4Yzn5eyB4rOrSa%2bvr0ixrrdIsZzxgeKztHq027BM4K2rS%2bOvtUWy2q5Pq663T7WjsUmyq65JtauzUOSqvorj2ueLpOLfhuWz5Iqk2uBV4ePjfOuc8nnls79mpNfsVbCttEyxqrFIpNztiuvX8lXk6%2bqE8tv2jAAA&vid=0&sid=6b6e24b7-3e97-4d07-8977-3145017558f4@redis
https://eds-p-ebscohost-com.proxy.insermbiblio.inist.fr/eds/viewarticle/render?data=dGJyMPPp44rp2%2fdV0%2bnjisfk5Ie45PFKs6mxTbKk63nn5Kx94um%2bTq2orkewprBKnqe4SrGws0iexss%2b8ujfhvHX4Yzn5eyB4rOrSa%2bvr0ixrrdIsZzxgeKztHq027BM4K2rS%2bOvtUWy2q5Pq663T7WjsUmyq65JtauzUOSqvorj2ueLpOLfhuWz5Iqk2uBV4ePjfOuc8nnls79mpNfsVbCttEyxqrFIpNztiuvX8lXk6%2bqE8tv2jAAA&vid=0&sid=6b6e24b7-3e97-4d07-8977-3145017558f4@redis
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Ivy Glioblastoma Atlas

46

Puchalskiet al Science 2018

Alignment of histologic features, genomic alterations and gene expression patterns

ivygap.org

41 patients, 
42 tumors , 
440 tissue 
blocks, 
270 
transcriptomes, 
11500 
annotated 
H&E,
23000 ISH 
images, 
400 MRI scans 

Gather many data
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Segment anything in medical images

47

1.570.263 images, 10 imaging modalities, 30 cancer types

Ma et al Nat Comm 2024

MedSam

A foundation model for medical image segmentation
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Paradigm change

48

Data for connectomics(neural networks): 
1mm3 rat cortex =>2M Gb =2 x1015=2 Pb=2x103 TB 
total cortex 500mm3=>103PB (1exabyte, 106 TB)
Man = 1000xlarger =103 exabyte(109 TB)
(source lichtmanet la; Nat Neuro 2014)

Data rate
1mm3 =>800h (33j)  2.5 Tb/h => 45y on one machine

[Lichtmanet al; Nat Neuro 2014]

UK BioBank
100000 subjects (2016-22) 
6 MR imaging modalities: tT1w, T2w, swMRI, dMRI, tfMRI, rfMRI
2501 individual measures of brain structure and function (2Gb p.sub)
1100 other non imaging variables
about 0.2 PB (200 TB)

[Miller et al; Nat Neuro 2016]

Dermatologists vs CNN
127463 biopsies for training 
1942 for validation
Inception v3 (GoogleNet, using several replicas on NvidiaTitan X Gpu)

[Estevaet al Nature 2017]

Ivy Gliobastomaatlas
41 patients, 42 tumors, 440 tissue blocks, 270 transcriptomes
11500 annotated H&E images
23000 ISH images (400 Gb/image), 400 MRI scans

[Puchalskiet al Science 2018]

Gather many data



/

Effect of training dataset size

49

Ma et al Nat Comm 2024

Scaling up the training image size to one million can significantly improve the model 

performance on both internal and external validation sets.



/

Generation of artificial examples
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Train the NN to learn invariance to such elastic deformations

Introduce morphing operations, symetry, rotation Χ.

Create examples
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Automatic pulmonary module management
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Ciompi et al Scient Rep 2017

Create examples
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Automatic pulmonary module management
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Ciompi et al Scient Rep 2017
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Automatic pulmonary module management
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Ciompi et al Scient Rep 2017
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Ilastik
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Interactive training
Shallow learning can be trained interactively with immediate feedback
Adapting from similar training data

Create examples
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Transfert learning
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Mazurowski et al. JMRI 2018

Transfert learning
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Tranfert  learning
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ÅFew examples : 9 for training / 11 for testing

Use a pretrained  network

FLAIR PredictionGround truth

T. Coudert Master 2021
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Transfert Learning
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Gliomas data from BraTSChallenge1 dataset 
2016 and 2017

1 B. H. Menze et al. The multimodal brain tumor image segmentation benchmark (brats). IEEE Transactions on Medical Imaging, 34(10):1993ς2024, 2015.

Without TL With TLGround Truth

without

with

Clear benefit of transfer learning, best 
results with exactly the same amount of 
input images

test set of 11 images with 13% of variability with a neurologist segmentation on this 11 images

T. Coudert Master 2021
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Augmented  training
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classic
spectralclassic

spectralAug.

PJ Lartaud PhD 2022 Synthetic data
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Image Generation
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Generation 
Spectral data

Results

PJ Lartaud PhD 2022
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Image Generation
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Results

Training with 
artificial Řŀǘŀ Χ

PJ Lartaud PhD 2022
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Producing new data
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ÅGenerative Adversarial Networks (GAN): 
produces output undistinguable ÍÙÖÔɯɁÙÌÈÓɂɯ
images.

Goodfellowet al
2014 
arXiv:1406.2661

Synthetic data
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GAN:

62

Generative Adversarial Network
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Role of GAN in HealthCare

63

Zhang et al Nat Med Eng 2022

Or image harmonization
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Generative Adversarial Network
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To generate realistic synthetic images

Liu et al Radiology 2017

13 layers
VGG16
Filters 64 to 512
Stide: 2x2

40 subjects (1.5T)
30 for training
10 for validation
5 for testing (3T) 
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Generative Adversarial Network
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Nii et al Miccai 2017

32 32 32 64 64 64 32 32 32

32, 64, 128, 256
Fliter size 5x5x5

To generate realistic synthetic images
A cascade of GANs
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Image Harmonization  - I

66

Cakowsky et al 2022 AIM

Pooling data
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Image Harmonization  - II

67


