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Training deep learning models
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Putting deep learning models into practice
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Research setting

How is performance 

affected?

Model deployment

Clinical data

How do these datasets compare?
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How to “fool” deep learning models
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Adversarial attacks Altered/corrupted images

In medical imaging:
Hendrycks and Dietterich. arXiv. 2019.

Paschali et al. MICCAI. 2018.

Goodfellow et al. arXiv. 2015.

Hendrycks: 15 transforms, 5 severities each for 

benchmarking on ImageNet
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Goals and contributions
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Highlight the sensitivity of current models to 

corruptions/perturbations common in MRI

Develop a benchmarking methodology for medical imaging 

datasets (transforms, metrics)

Optimize augmentation strategies, model design
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Benchmarking methodology
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Medical imaging distortions/transforms
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https://monai.io/

https://github.com/fepegar/torchio
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Discretized severity levels
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Ghosting

Downsampling

MRI noise
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Experimental framework
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Hippocampus (T1) Ventricles (T1) WMH (FLAIR)

Kerfoot et al. STACOM. 2018

𝐷𝑆𝐶 =
|𝐴⋂𝐵|

𝐴 +|𝐵|
=

2𝑇𝑃

2𝑇𝑃+𝐹𝑃+𝐹𝑁

𝑁 = 591, 5 studies (1 unseen)𝑁 = 627, 4 studies (2 unseen)𝑁 = 257, 3 studies

Evaluation metric (Dice):
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Sensitivity to transforms/distortions
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Prediction degradation over severity levels
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MRI noise

Contrast (compression)

Contrast (expansion)
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False-positive inducing distortions/artifacts

Background Methodology Experimental framework Results Ongoing work Conclusions
12



Benchmarking metrics
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mDR

Clean mean Dice 

coefficient

Increasing performance on “clean” test set 

Increasing 

robustness

DRtransform =
Mean Dice across sv. levels

Clean Dice

mDR = Mean DR across transforms
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“Distortion robustness”



Sensitivity to transforms/distortions
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Strategies to improve robustness –
augmentation during training
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𝑝

Sample
𝜎𝑔 ∼ 𝑈(0, 𝜎max)

Do nothing

Apply transform 
with 𝜎𝑔

rand 0,1 < 𝑝

rand 0,1 > 𝑝

To network
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Strategies to improve robustness –
augmentation 
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Strategies to improve robustness –
augmentation 
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WMH, 𝑝 = 0.1:
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Conclusions
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1. “Naïve” CNN segmentation models 

are sensitive to imaging distortions

2. Distortions induce false negatives, 

false positives in some cases

3. Benchmarking methodologies allow 

model comparison and quantification 

of robustness

4. Augmentation strategies help 

improve robustness, can be studied 

in more detail using benchmarking
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