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Anatomical Plausibility

Image source: https://www.wolfram.com/

• Constrained space of solutions in terms 
of shape, topology and location

• Anatomical structures follow regular 
patterns

• We say that a segmentation mask is anatomically plausible 
if it lives in such constrained space.

https://www.wolfram.com/


Semantic segmentation ’in the wild’ 
vs 

medical imaging segmentation

Tons of data, low regularity Less data, more regularity



Anatomical Plausibility



Anatomical plausibility in image segmentation



Anatomical plausibility in image segmentation

Example of topological defects in the white matter surface extracted by FreeSurfer
Source: https://andysbrainbook.readthedocs.io/en/latest/FreeSurfer/FS_ShortCourse/FS_12_FailureModes.html



Why does it happen? 
CNN limitations

• CNN predictions have local support

• CNNs are translation invariant

• This makes it difficult to introduce global shape constraints

• The loss term is usually defined at the pixel level  



Can we take advantage of this high data regularity
to encourage anatomical plausibility via global shape

constraints?



Anatomically Constrained Neural Networks



Anatomically Constrained Neural Networks

Idea: Learn an embedding which contains global information about shape
and topology

(d1, d2, d3, …….. dn)



Learning embeddings of anatomical masks

Trained using segmentation masks (not image information)



Learning embeddings of anatomical masks

Trained using segmentation masks (not image information)



Denoising autoencoders
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E.g: MSE Loss Function

Noisy Image / Mask

Original Image / MaskEncoderDecoder

h = f✓(x̂)
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Measuring similarity at the local and global level

• Local loss: Cross entropy defined at the pixel level. ---> 

• Global loss: Euclidean distance between the embeddings



ACNN for image segmentation

Source: Oktay, Ferrante, Kamnitsas et al (IEEE TMI, 2018)



Step 1: Train the autoencoder

ACNN for image segmentation

Source: Oktay, Ferrante, Kamnitsas et al (IEEE TMI, 2018)



Global loss

Cross entropy at the pixel level

ACNN for image segmentation

Source: Oktay, Ferrante, Kamnitsas et al (IEEE TMI, 2018)



Step 2: Use the embeddings to formulate the loss function

ACNN for image segmentation

Source: Oktay, Ferrante, Kamnitsas et al (IEEE TMI, 2018)



ACNN for image segmentation

MR Segmentation

US Segmentation

Image UNet ACNN GT



ACNN for image segmentation



Can we use ACNN to encourage anatomical plausibility in
Deformable Image Registration?

Image source: https://www.mathworks.com/matlabcentral/fileexchange/50702-fordanic-image-registration

https://www.mathworks.com/matlabcentral/fileexchange/50702-fordanic-image-registration




Learning deformable image registration
with anatomical constraints

Regularization termSimilarity measure



Global loss (AE)

Pixel level loss (CE)



Measuring similarity at the local and global level

Mansilla, Milone & Ferrante
Neural Networks, 2020



Post-DAE: Autoencoders as a post processing step



In Collaboration with



Autoencoders as a post-processing step



Denoising autoencoders

Image from: Vincent et al, 2010 (JMLR)



Experiments: quantitative results



Experiments: quantitative results





Source code

Agostina Larrazabal

https://tinyurl.com/postdae-segmentation

https://tinyurl.com/postdae-segmentation


Denoising also helps during training

In Collaboration with

Young et al, 2023
IEEE Transactions on Pattern

Analysis and Machine 
Intelligence

(IEEE T-PAMI)



Can we extend these ideas to landmark-based
segmentation?



MICCAI 2021



Landmark based anatomical segmentation



Landmark based anatomical segmentation



Graph construction

V is the set of nodes

Adjacency matrix (fixed) Point coordinates as a node features



Hybrid GNet Architecture

• PCA

Implemented via Chebyshev 
spectral graph convolutions

(Defferrard et al, NeurIPS 2016)

• Fully Connected VAE

• Graph Spectral VAE



Hybrid GNet Architecture

Trained end-to-end with an MSE 
loss on the nodes position



Image to graph skip connections



Image to graph skip connections

IEEE TMI 2022



Experiment: Comparison with landmark-based baseline methods



Experiment: Comparison with landmark-based baseline methods



Experiment: Robustness to simulated image occlusion on dense 
segmentation



We compared the models evaluating the Dice coefficient and Hausdorff distance on the dense masks 
obtained from the UNet and the convolutional decoder of the dual models.

Experiment: Robustness to image occlusion on dense segmentation



Experiment: Robustness to real image occlusion on dense 
segmentation



Experiment: Assessing the impact of domain shift by age
distribution on lung segmentation



Extend HybridGNet to 3D meshes derived from volumetric images instead of 2D contours

Extension to 3D

Under evaluation, 2023



IEEE ISBI 2023



Multi-center anatomical segmentation with 
heterogeneous labels via landmark-based models

Hospital A Hospital B Hospital C

Image by Vectorportal.com, CC BY

https://www.vectorportal.com/
https://creativecommons.org/licenses/by/4.0/


Problem: domain memorization 
when training using multi-center data with heterogeneous labels 
Original Image UNet nnUNetGround Truth Desired output

• Naïve pixel level 
approaches tend to fail in 
multicentric scenarios with 
heterogeneous labels due 
to domain memorization 
issues

• We propose to overcome 
this approach with 
landmark based models



UNet and nnUNet suffer from domain memorization in the full setting
(e.g. the heart is not predicted in Montgomery and Shenzhen)Qualitative results



Qualitative results
HybridGNet presents anatomically plausible results for all
structures when trained in both settings



Why is this happening?

- We performed dimensionality reduction on the 
bottleneck latent space of HybridGNet and the UNets

- UNet and UNet HT tend to 
clusterize images per 
dataset, while HybridGNet
doesn’t, explaining the 
improved robustness to 
domain-label memorization.



Multi-center anatomical segmentation with heterogeneous labels

HybridGNet UNet



CheXmask: a large-scale dataset of anatomical segmentation
masks for multi-center chest x-ray images



CheXmask: a large-scale dataset of anatomical segmentation
masks for multi-center chest x-ray images

CANDID-PTX
19,237 images

from New Zealand
between 2010-2020

ChestX-ray8
112,120 images

of 30,805 patients
from diverse sources

CheXpert
224,316 images

from the United States
between 2002-2017

MIMIC-CXR-JPG
377,110 images

of 65,379 patients
from the United States

between 2011-2016

Padchest
160,861 images
of over 67.000

patients
from Spain

between 2009-2017

VinDr-CXR
18,000 PA images

from Vietnam
between 2018-2020

CANDID-PTX
19,237 images

ChestX-ray8
112,120 images

CheXpert
187,825 images

MIMIC-CXR-JPG
243,334 images

Padchest
96,287 images

VinDr-CXR
18,000 images

Joint Dataset:
676,803 frontal chest x-ray images
from 4 different countries upto 2020

Inclusion criteria:
All images

Inclusion criteria:
"ViewPosition" is

"PA" or "AP"

Inclusion criteria:
"ViewPosition" is

"PA" or "AP"

Inclusion criteria:
"Frontal/Lateral" is

"Frontal"

Inclusion criteria:
"Projection" is
"PA" or "AP"

Inclusion criteria:
All images



https://tinyurl.com/chexmask

https://tinyurl.com/chexmask


Under evaluation



Nicolás Gaggión

https://github.com/ngaggion/HybridGNet

https://github.com/ngaggion/HybridGNet


Bias in AI for medical image analysis



Gender bias in AI systems



Racial bias in AI systems
Face recognition

Source: Buolamwini & Gebru, 2018. Conference on Fairness, Accountability and Transparency



Fairness of AI for medical image analysis
Deep learning models for medical image analysis can exhibit bias with respect to specific sub-populations

MICCAI 2021



Bias in deep segmentation networks

Fairness in cardiac MR image analysis: an investigation of bias due to data imbalance in deep learning based segmentation
Puyol-Antón E, Ruijsink B, Piechnik SK, Neubauer S, Petersen SE, Razavi R, King AP.
MICCAI 2021

Ethnicity bias in cardiac segmentation



Bias in deep segmentation networks

Improving anatomical plausibility in medical image segmentation via hybrid graph neural networks: applications to chest x-ray analysis. 
IEEE Transactions on Medical Imaging. 2022 Nov 24;42(2):546-56.
Gaggion N, Mansilla L, Mosquera C, caMilone DH, Ferrante E. 

Age bias in lung segmentation



Auditing fairness in medical image analysis model

Trained 
Segmentati

on Model

M

F

Evaluate on subgroups Compute fairness metrics

• Dice gap

• Dice STD

• Dice Skewed error rate (SER)

• Hausdorff based metrics

• Etc

Limitation: we require ground-truth annotations to compute most fairness metrics for segmentation



Unsupervised Bias Discovery (UBD)
in deep segmentation networks

Can we anticipate bias for segmentation
in new populations

without ground-truth annotations?



Proposed solution
UBD based on Reverse Classification Accuracy (RCA)

Reverse classification accuracy: predicting segmentation performance in the absence of ground truth.
IEEE transactions on medical imaging. 2017
Valindria VV, Lavdas I, Bai W, Kamnitsas K, Aboagye EO, Rockall AG, Rueckert D, Glocker B.



Proposed solution
UBD based on Reverse Classification Accuracy (RCA)

We will use RCA to estimate the signed gap in terms of DSC (or HD) 
between different demographic subgroups



Experimental validation of RCA based UBD
Synthetic experiment

• Mix of 4 different x-ray datasets (comprising a total of 911 images) including JSRT, 
Montgomery, Shenzhen and a minor subset of the Padchest dataset.

• UNet model trained via a compound soft Dice and cross-entropy loss

• We saved 12 different Unet versions from intermediate training 
checkpoints.

M1 M2 M12….



Experimental validation of RCA based UBD
Synthetic experiment

Simulated scenario: the segmentation quality varies based on sex, with either male or 
female patients exhibiting superior performance. 

We selected pairs of UNet models (Mi , Mj) to segment the male patients (Mi) and 
female patients (Mj)

Masks were coming from different models, but in this synthetic experiment we consider 
them to be generated by a single fictitious model whose fairness we would aim to audit. 



Results: simulated scenario
DSC estimated with GT DSC estimated without GT



Results: simulated scenario



Results: auditing real models

We consider one model trained
on 100% males and another on 
100% females.

We tested both models on 
male and female images separately

Surprisingly, we found that both
models tend to perform better 
on female than male patients

Estimated without GTDSC estimated with GT



CheXmask: a large-scale dataset of anatomical segmentation
masks for multi-center chest x-ray images





https://tinyurl.com/chexmask

https://tinyurl.com/chexmask


UBD at large scale: CheXmask

AP images tend to come from hospitalized patients, who are more difficult to position in standard views and usually include artifacts or cables



Active Research Areas

Model Calibration in Biomedical Image Analysis

Fairness in ML for Biomedical Image Analysis

Learning representations of life

Domain Adaptation and Generalization

Anatomical segmentation



Domain adaptation and generalization
How can we obtain models that generalize to unseen image domains?

Unsupervised Domain Adaptation via CycleGAN for White Matter 
Hyperintensity Segmentation in Multicenter MR Images

Palladino J, Fernandez Slezak D, Ferrante E.

SIPAIM-MICCAI Symposium 2020

Gradient Surgery for Domain Generalization
Mansilla L, Echeveste R, Milone D, Ferrante E.

ICCV 2021

Sketch

Photo

Cartoon

Art-Painting

Training or source domains

Test or target domain
(not seen during training)



Model Calibration in Biomedical Image Analysis

How can we obtain calibrated posteriors when training ML models for classification and segmentation?

Orthogonal Ensemble Networks for Biomedical Image Segmentation
Larrazabal A, Martinez C, Doltz J, Ferrante E. 

MICCAI 2021

Maximum Entropy on Erroneous Predictions:
Improving model calibration for medical image segmentation 

Larrazabal A, Martinez C, Doltz J*, Ferrante E*. 

MICCAI 2023

Overconfident model Better Calibrated Model



Fairness in ML for Biomedical Image Analysis

Characterizing and mitigating fairness issues in ML models for biomedical image analysis

Gender imbalance in medical imaging datasets produces biased 
classifiers for computer-aided diagnosis

Larrazabal A., Nieto N., Peterson V., Milone D., Ferrante E.

Proceedings of the National Academy of Sciences (PNAS) 2020

Addressing fairness in artificial intelligence for medical imaging
Ricci Lara A., Echeveste R., Ferrante E.

Nature Communications (2022)



Learning representations of life

Linking image derived phenotypes with genetic information via ML methods (imaging genetics)

Image-derived phenotype extraction for genetic discovery via 
unsupervised deep learning in CMR images

Bonazzola R, Ferrante E ,Ravikumar N, Attar R, 
Syeda-Mahmood T, Frangi A.

MICCAI 2023

ChronoRoot: High-throughput phenotyping by deep segmentation 
networks reveals novel temporal parameters of plant root system 

architecture
Gaggion N, Ariel F, Daric V, Lambert E, Legendre S, Roule T, Camoirano A, 

Milone D, Crespi M, Blein T, Ferrante E.

GigaScience

92
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