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Introduction
MRI is considered the gold standard in soft tissue diagnostic of the lumbar spine. Number of protocols and
modalities are used – from one hand 2D sagittal, 2D angulated axial, 2D consecutive axial and 3D image types; from
the other hand different sequences and contrasts are used: T1w, T2w; fat suppression, water suppression etc. Images
of different modalities are not always aligned. Resolutions and field of view also vary. SNR is also different for
different MRI equipment. So the goal should be to create algorithms that cover great variety of imaging techniques.
We consider the segmentation as the first step in a 3-step process: 1. Segmentation Fig 1(a); 2. Measurements
Fig1(b); 3. Diagnosis (in the case shown in the fig.1 (b) severity of disk herniation and central canal stenosis grading)

Fig. 1 (a) Segmentation of axial T2w slide; (b) Measurement of dural sac in a different slide (white line)

Methods
In order to cover different protocols a 2D single modality algorithm was developed that in cases of 3D multimodality data can be used in ensemble of multiple 2D single modality data classifiers. Our 2D algorithms are using
CNN [1] and are greatly inspired of ResNet[2]. Dropout regularization [3] and batch normalizations [4] are also
used. FCN[5] style network is used for the super-pixel classification as this enable arbitrary field of view input.
Super-pixels are 8 times smaller (in all dimensions) than the actual pixels (as stride 8 is used due to 3 2x2 max
pooling layers). As a result, fine grained details are lost, so we use Unet-like [6] architecture for up-scaling the lowresolution map into the resolution of the input image.

Separate 2D single modality results are combined into 3D results using ensemble with learnable weighted averaging
of the separate probability maps.
To overcome the problem with small data set size, extensive augmentations were used: crop and resize, tilt, rotate,
dynamic range changes, random noise in all possible combinations.
The model detects all the IVDs present in the image. To filter the 7 discs (L5S1-Th11Th12) that are needed, a
geometrical model of the disc composition was developed. It is scale, position and orientation invariant. The features
are the relative orientation of the discs and the relative angle between the centers of the discs. The base composition
is calculated as the mean features of the training data. During inference, all the 7-length subsequences of the N discs
found by the mask model are compared to the base and the most similar is used as output.

Results
Results achieved on cross validation using the data provided by the organizers [7] are listed in Table 1. We have no
access to the data of the previous challenges so we used only 16 3D multi-modality MRI.
2D planes used
Sagittal
Axial
Coronal
Ensemble

DICE
0.84
0.87
0.82
0.92

Table 1 Comparison of single plane results vs 3D ensemble

Test time is 3:10s on a single GPU machine that can be reduced to 1:20 in batch mode. The model supports
resolution of 512/512 that is 4 (2*2) times bigger than necessary for this particular set so test time can be further
reduced.

Conclusion
Test accuracy was comparable to the previously reported results using 3D convolutions of the previous challenge [8]
although the algorithm was designed for 2D single-modality data and we have not used data from previous
challenges. Training set accuracy is near 100% which can be expected as the complexity of the model is very big and
definitely high variance is the current drawback. Never the less we decided to not reduce the complexity as we
believe bigger training set is necessary for reaching human level accuracy. So further test set accuracy improvements
can be expected by increasing the training set. Our intention for the future development is to cover great variety of
tissues and pathologies by acquiring an annotated training set of 500 patients. Part of them will be released to the
scientific community.
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