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Classis. | sl UAD | UVAD | UAMD | UVD | UMD Ul | FCN
(a) Random rotation (+20 degrees) 0 Background 84.1% | 84.4% | 83.4% | 87.4% | 86.2% 86.2% | 87.1%
1 Vertebrae 80.5% | 81.1% | 80.8% | 84.5% | 83.6% 82.4% | 80.6%
. ) (b) Zoom (0.5-1.5) 2 | Sacrum 76.3% | T7.% | 76.0% | 81.1% | 79.7% 80.5% | 76.6%
Linear Image Z-score Patch Extraction Horizontal fip (B lip =12 3 1| Intervertebral Discs 83.9% | 84.2% | 84.0% | 85.4% | 84.3% 83.8% | 82.5%
Registration ~ Normalization 256x256; (c) Horizontal flip (Bemoulli p ) 4 ! Spinal Cavity 66.3% | 65.8% | 65.1% | 67.3% | 67.0% 66.7% | 62.9%
(T1w to T2w) , T—[ Step 192x192 pixels (d) Random shift (up to 10%). 5 | Subcutaneous Fat 91.0% | 90.6% | 90.6% | 92.5% | 91.9% 91. ‘)"L 91.8%
r = —0 6 | Epidural Fat 43.7% | 44.1% | 43.2% | 54.5% 4 49.0%
. - - 7 M| Intramuscular Fat 50.1% | 48.8% | 48.5% | 58.5% 55.0%
Designed and implement topologies CNN 8 M| Retroperitoneal Fat | 64.7% | 64.4% | 62.2% | 71.2% 70.5%
. ) . . . = = — 5057 ]
Variations designed from the U-Net architecture [1]l. Mainly, the o B Nerve Root sy [ 32,17 | 16.3% [ 352% 20.5%
- o ) 10 | Blood Vessels 54.8% | 55.1% | 53.5% | 63.0% 60.6%
variations consist in adding one or several modules: 11 M| Muscle 739% | 31% | 72.8% | 77.8% 75.9%
. . . . ToU without Background | 63.6% 65.2% 63.0% 70.1% 66.0%
(A) Attention Gates (AGs) for replacing the skip connections [2]. ToU with Background | 65.3% | 66.8% | 64.7% |.71.5% | 67.8%
(D) Deep supervision blocks between convolutional blocks of the MRI T2-weighted Ground-Truth Mask Predicted Mask (UVD)

decoder branch [3].

(M) Multikernels - Inception Block [4]

(V) VGG16 [5] used as the encoder branch (descending path). The
two variants that include VGG16 do not use transfer learning.

D Configuration Optimiser | Lr Act-Conv | Initial Filter Size
UVD | U-Net + VGG16 + DS Adam 0.00033 | PReLU 32
UMD | U-Net + multKernel + DS | Adam 0.00033 | ReLU 32
Ul U-Net Adadelta 1.0 ReLU 64
FCN FCNS Adam 0.00033 | ReLU 32

Parameter settings of the CNN Architectures with the best results

Conclusions
UVD architecture outperforms the two baseline architectures: the standard U-Net and the FCN. Architecture UMD slightly improves the baseline; the
remaining proposed architectures do not improve the baseline.

The obtained results make it possible to use the output of architectures UVD or UMD to generate non-perfect but high-quality semantic
segmentations which can be used as a starting point to manually segment more MR images.

The integration of modules like deep supervision, spatial attention (attention gates), multi-kernels or the VGG16 topology for the encoder branch
improved the performance of the original U-Net architecture, but when combined do not get the best results.

As future perspectives, the segmentation of soft tissues and nerves still needs to be improved, specially when the goal is to detect the compression
of nerve roots due to a pathology. The current results are not yet useful to support radiology tasks, but further analyses are being carried out.
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