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Problem overview Dataset and preprocessing

Neuroimaging: study of morphological features of the human brain and its IXI BRAIN T1-Weighted Dataset from Imperial College of London
correlations with neurological disorders to improve medical systems » 584 3D MRI volumes = Nifti Format - 86794 Brain raw Sagittal 2D images

Brain MR I |Improvement of Image Reconstruction ‘ Relevant slices selection
enhancenment Detection BEBEIEVAE6[I|ie]s} Augmentation (information compression) S :
Brain is information: Not every slice has relevant information. Many non-optimal approaches to select
Objective: capture the representation of the underlying structure of healthy brains relevant 2D images: only midde slice, fixed range, non-0 pixels, mean intensity...
in a lower-dimensional space and reconstruct from this under-sampled data. Our approach: DeepBrain [8] > Pretrained CNN for brain segmentation
% Return mask of probabillities of each pixel belonging to brain
Representation Learning approach: We will not only be able to reconstruct a corrupted image, but % Low-Threshold: 5% of brain pixels = Final relevant slices: 59278 .-. .- .n

also, we are going to learn the representation of a healthy brain MRl in the latent space.

ML Topics: Representation learning, dimensionality reduction, Normative model, information
compression, latent spaces...

Convolutional AutoEncoder

‘ Data Augmentation and split

Critical for reconstruction learning: adding variability
to input MRIs to enforce the actual brain structure learning

Dropout (0.04)

LITTTTT]

% Train with disease-free neuroimaging data
% This autoencoder, would define a normal range for the neuroanatomical variability for the illness absence

® [t learns the brain structure representation Transfprmations: Dropout Pi>fe|3, Gaussian Noise,
% Once trained, it encodes an MRI and reconstructs it without corruptions such a noise, artifacts or injuries Gaussian Blur, Blank-out Region (random levels) e fuemeniens
SOTA Data i.1.d between splits: [71.8-13.8-8.1]% data split

made straight from volumes: every image from one

— volume in the same split. Stratified by age, sex and ethnic.
Architectures MRI Preprocessing Applications
Residual Networks Intensity Normalization FastMRI, 2020 [7] @ ArCh Iitectures

e F(x) = H(x) - x Downsampling * FAIR, New York University

. . Data Auamentation + Accelerate scan process generating Original Residual Encoder building block Decoder skip-con building block
‘/Le§s complexity by learning J MRI from under-sampled data. » [
residuals T — BRATS: Myronenko, 2018 [1] sl
rofiie and reievant slice ResVAE to regularize residual brain - Conv 3x3** [ | BatchNorm [ Relu || Conv3x3 |-»{BatchN Relu (> ConvIranspose »é_)_,
o o = onv 3x atchNorm elLu onv 3x atchNorm elLu = - "~ "L BatchNorm L Relu >
Sk’p ConneCt’on CAES SeIeCtion tumor Segmentation network' . * Only added if necessary to match filters and dimensions . =
* Encoder to decoder connections I BRATS: T. Estienne et. al., o trde=2 Ifdownsampling
v : ‘ i . T .
UL e Rl e o Non-isotropic MRI 2020 [6] Full Pre-Activation encoder building block Decoder upsampling
p. . V-NET AE for tumor segmentation . buildina block
U-Net and V-Net Relevant Slice Selection C. Bermudez et. Al., 2018 [3] >| Conv3:3 9
* 3D convolutional “AE” networks Slicgs with some amount of J. Manjon et. al., 2020 [2] . - O—>|BatchNorm | Relu || Conv 3x3** || BatchNorm | Conv 3x3 . = [Tt »f BatchNorm 3 Relu (>
’ Symmetric Skip ConneCtionS braln UNet based Iesson inpainting * Only added if necessary to match filters and dimensions —
« V-NET adds RES building blocks » Middle Slice [3] W. Pinaya et. al., 2019 [5]  stride=2 f dounsanping
* Fixed Range Unsupervised anomaly detection

Shallow residual AE Skip-connection AE

@ Experiment pipelineata g

Bunch of slices
All Original with relevant Data b2

IXI Volumes e —  ________ information —_______ Splited —,, ...
Slice extraction Train — Test Split and
and selection Normalization
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. IR apEs Myronenko AE Loss Functions
* Profile Selection & B * Data split Gt e i n
. HigherD i.mages: Sag!ttal i 80-20 St.ratified by sex, age Train/Val Test MSE — lz (Y- B ?)2
» Orientation checking andethnic. A
° S|ice Selection ° PreproceSSIng These images are our e . b= 2
v'DeepBrain: Brain segmentation Normalization: range [0-1] input and also target o PSNR = 10 x log peakval
Downsample to 128x128 images. 10 MSE(x, y)
Experiments T P Ta Smt et ee e g iy e s Tmen 1 — SSIM (x
Results DSSIM — : (x,¥)
—_— I " Shallow Residual U-NET AE SSIM(x,y) =
l (Zﬂx.uy + Cl)(zo-xy + CZ)
2 2 2 2
. . . Latent Space ¢ | (I.lx + ,Lly + Cl)(O'x + O-y + Cz)
* Training Data augmer?tatlon * Architectures * Regularization QL.lanjcltatlve anc! 2 ~ <
» Blank-out regions CAE based on: . 2 Qualitative evaluation
*Noise » Resnet-based  Batch Norm | Compare models .
» Gaussian building blocks  « L oss functions | Quantitatively and — —!
* Dropout pixels - Skip-connections  « MSE qualitatively | +BIN+ReLu
° BI r ima es 128x128 64x64 32x32 32x32 16x16 32x32 64x64 128x128 128x128 'S . —
u g « DSSIM x1 x32 x64 x64 x128 x(64+64) x(32+32) x16 x1 lX2. tride=2
Residual U-Net Shallow RES full-pre Shallow RES full-pre +L2 Skip Connection CAE Skip Connection CAE + L2 Myronenko
Model loss L2 | Val loss MSE DSSIM PSNR |
Residual U-NET MSE  No | 3.58e-05 | 3.44e-05 2.95e-03 44.9

Shallow RES full-pre MSE No 1.55e-04 | 1.51e-04 6.75e-03 38.6
Skip connection CAE MSE  Yes | 2.69e-04 | 2.25e-04 1.65e-02 36.8
Skip connection CAE MSE No 3.10e-04 | 2.99e-04 9.36e-03 30.T

Myronenko CAE MSE No | 3.38e-04 | 3.27e-04 1.57e-02 35.1
Shallow RES full-pre MSE Yes 3.72e-04 | 3.24e-04 1.14e-02 30.2

Residual U-NET DSSIM No | 1.50e-03 | 7.49e-05 1.44e-03  41.8
Shallow RES full-pre DSSIM Yes 4.42e-03 | 2.34e-04 3.70e-03  36.7
Shallow RES full-pre DSSIM No | 4.19¢-03 | 2.88¢-04 4.14e-03  35.9

Shallow RES full-pre Shallow RES full-pre +1L2

@ Residual U-Net outperforms all methods for both loss ® All methods are outstanding reconstructing Gaussian

functions Qualitatively and Quantitatively noise and fixing image blur
Myronenko CAE DSSIM NO 4.396‘03 6.698‘04 4.318‘03 32.1 % DSSIM loss models reconstruct better the structure P Dropped‘OUt pixels are excellent reconstructed by every
Skip connection CAE DSSIM Yes | 4.82e-03 | 4.08¢-04 4.38e-03  34.2 and shape of the brain mc?del t.>ut Shallow-Residual ones, which left some little
- - % L2 regularization enhance DSSIM-loss models, but hoisy pixels
Skip connection CAE DSSIM No = 4.90e-03 | 4.57e-04 4.71e-03  33.7 decroases MSE-loss ones  Blanked-out regions are better reconstructed by DSSIM

models, specifically Res-UNET and Shallow-Residual
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