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ARTICLE INFO ABSTRACT

Keywords: This paper presents an open-source pipeline to train neural networks to segment structures of interest from MRI
MRI data. The pipeline is tailored towards homogeneous datasets and requires relatively low amounts of manual
Segmentati‘on segmentations (few dozen, or less depending on the homogeneity of the dataset). Two use-case scenarios for
Deep learning segmenting the spinal cord white and grey matter are presented: one in marmosets with variable numbers of
g[;:ﬁ lesions, and the other in the publicly available human grey matter segmentation challenge [1]. The pipeline is
Spinal cord freely available at: https://github.com/neuropoly/multiclass-segmentation.

Marmoset

1. Introduction

Medical image segmentation consists in identifying which voxels
belong to a specific structure. Such structures can be pathological (e.g.,
lesions) or normal (e.g., white or grey matter). Segmentations are useful
to extract relevant quantitative information about the structure, such as
its size, orientation, shape, and location. However, manual segmenta-
tion is a long and tedious process.

Fortunately, recent advances in deep learning techniques using
convolutional neural networks have shown positive results in executing
complex tasks automatically, including image segmentation [2]. Yet,
while many papers applying such techniques to medical image seg-
mentation have been published [2], most models presented as usable
off-the-shelf have been validated in well-curated single-center datasets
only. In the rare case where the code is publicly available, the algorithm
usually fails when applied to other centers [3]. This happens because
images across different centers have slightly different features than
those used to train the algorithm (contrast, resolution, etc.), combined
with the fact that low amounts of data and manual labels are available.
Recent deep learning techniques, such as domain adaptation [4], have
tackled this issue. Yet, these techniques are not well adapted to MRI
segmentation, because in MRI, image features not only vary between
centers, but also across a large number of acquisition parameters (e.g.,
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repetition time, flip angle). Hence, there is a need for readily available
frameworks that enable researchers to easily train new models for
specific MRI segmentation applications and their specific data.

This paper presents an open-source pipeline to execute single-class
or multi-class segmentation of MRI volumes using supervised neural
networks. This pipeline is specifically designed for homogeneous da-
tasets (i.e., same acquisition parameters). A typical use-case scenario
consists in: segmenting a few slices, training the network and seg-
menting the rest of the images. This pipeline is in line with recent in-
itiatives for machine learning frameworks applied to medical data
[5-7]. Our implementation is simple and modular, allowing to modify
the type of architecture and useful parameters such as data augmen-
tation. This pipeline is particularly useful for training new models from
scratch, where pre-trained models for fine tuning are not available.

The paper is structured as follows: first, the structure and algorithm
of the pipeline are described. Then, two use-case scenarios are de-
monstrated using this pipeline for segmenting the spinal cord white and
grey matter. In the first scenario, we used 7T data from marmoset
monkeys with experimental autoimmune encephalomyelitis (EAE), ex-
hibiting highly contrasted lesions. In the second scenario, we used 3 T
data from the publicly-available healthy human spinal cord grey matter
challenge [1]. Results are then presented and discussed.
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Fig. 1. Overview of the pipeline to segment a dataset. The data (represented as stacks) are volumes sliced into images along the vertical axis. Red data are manual
segmentations, orange data are the network's segmentations. Step 0: the database is not segmented. Step 1: the user manually segments a fraction of the dataset. Step
2: the network is trained on the manually-segmented data with a gradient descent based algorithm. Step 3: Once the network is trained, it can be used to segment the
entire dataset. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)

2. Material and method

Fig. 1 illustrates the main processes of the pipeline: (i) manual
segmentation of a fraction of the dataset, (ii) training the network, and
(iii) automatic segmentation of the whole dataset. The pipeline was
developed in python 2.7 and uses PyTorch [8].

The neural network learns to segment the structures through a su-
pervised process. The neural network is presented with images and
their corresponding manual segmentations, produces segmentations
(inference), computes the error (loss) between the output segmenta-
tions and the input segmentations, and then corrects its parameters
using the gradient backpropagation method [9] on the computed error.

2.1. Data pre-processing

The training process uses NIfTI files as inputs and returns a PyTorch
network. The output network file can then be used for inference (i.e. to
segment new data unseen by the network during training).

During the training, the network is presented with MRI volumes and
associated manual segmentations (ground truth). The first step consists
of splitting the NIfTI files dataset of the MRIs and their corresponding
ground truth into three datasets: training, validation, and evaluation.
The distribution of these datasets heavily depends on the initial data-
base and its variability. Based on the literature [10] and preliminary
experiments, we opted for 70/15/15% of the labelled data for training/
validation/evaluation. The training dataset should contain a re-
presentative sample of the database (i.e. featuring a balanced variety of
spinal levels, subjects, pathology load), whereas for the evaluation
dataset, it can be preferable to use data from a specific group of the
database, e.g. volumes from a specific subject who was not included in
the training dataset.

For each dataset, NIfTI files are pre-processed and randomly dis-
patched into normalized batches. As shown in Fig. 2, the 3D volumes
are sliced into 2D axial images along the superior-inferior direction.
Although there are some neural network architectures that take ad-
vantage of 3D data and segment voxels in volumes instead of pixels on
images, these networks require more computing power and thus more
time for training to give results that are not necessarily better than
when using 2D networks [11]. Therefore, to avoid high computational
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costs, we chose to work with 2D networks.

2.2. Training and evaluation

Several architectures can be chosen for the network: U-Net [12],
SegNet [13] or NoPoolASPP [14]. These architectures have been chosen
for their good performance on segmentation tasks, in particular the
well-known U-Net and the NoPoolASPP, which demonstrated state-of-
the-art results on the spinal cord grey matter segmentation challenge
[14]. They have been optimized for small-data regime. In brief, each
architecture uses the Adam optimiser [15] with the Dice loss general-
ised to multi-class [16] for loss function. The Dice loss has the dual
advantages of describing surface similarity well and being minimally
sensitive to intra-class unbalance [17]. Regularization is performed
with batch-normalisation [18] and dropout [19]. Data augmentation
includes rotation, elastic transformation, scaling, and vertical symmetry
to simulate more anatomical and positional diversity, and channel shift
to simulate more variability in the acquisition contrast. These trans-
formations are illustrated in Fig. 3.

While the main criteria to evaluate the network is the loss value,
other metrics are used to quantify other aspects of the network's per-
formance, such as the Hausdorff surface distance (HSD) to evaluate if
the predicted segmented surface is far from the ground truth, or the
Jaccard index (JI) to evaluate the overlap between the prediction and
the ground truth. Qualitative evaluations of the output segmentations
are also important and systematically performed. They take the form of
informal visual examinations of the predicted segmentation. These ex-
aminations focus on the shape and location of the segmentations, their
connectedness, and the smoothness of their contours.

3. Segmentation of white and grey matter in typical use-case
scenarios

3.1. Marmoset spinal cord with EAE lesions

The framework presented in section 1 was used to segment the
normal appearing white matter (NAWM) and normal appearing grey
matter (NAGM) on MRIs of the spinal cord of marmosets with EAE.
These represent the portions of the spinal cord that do not contain focal
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Fig. 2. Constitution of batches. S: superior, A: anterior, L: left.

inflammatory or post-inflammatory lesions.

3.1.1. Data

The entire spinal cords of three adult marmosets were scanned in
vivo on a 7 T preclinical MRI system (horizontal magnet, BioSpec 7 T/
30 cm USR, Bruker Biospin) using a birdcage volume coil as a trans-
mitter and a custom-built 12-element phased-array receiver-only [20].
A 2D RARE (Rapid Acquisition with Relaxation Enhancement) PD-
weighted sequence was acquired axially with the following MRI para-
meters: TR/TE = 3500/15ms, RARE factor =2, number of
averages = 4, phase encoding = row direction. The resolution in plane
was 0.15 X 0.15 mm? with a 0.8 mm slice thickness. A total of 20 slices
was acquired with a 1.5 mm gap thickness between adjacent slices. A
respiratory gating was applied (Bruker, trigger module) in order to
synchronize the data acquisition with the breathing cycle. A faster sa-
gittal PD-w RARE was acquired to guide the position of the axial slices.
This step was important to maintain consistent slice position between
MRI sessions. Examples of images are shown in Fig. 4. Due to the
sensitivity profile of the birdcage transmit volume coil and the length of
the marmoset spine, the imaging session was divided into three sepa-
rate segments by repositioning the segment of interest at the isocenter
of the transmit volume coil. For each animal, we always obtained one
baseline MRI before disease induction (same EAE immunization pro-
tocol from [21]) and several follow-up MRIs until the end of the ex-
periment based on the severity of the symptoms (based on the ACUC
guidelines when the animals reached paraplegia). Three MRI sessions

were performed on two animals over a four-week and eight-week
period. 10 MRI sessions were performed for the third animal over a 15-
week period. A total of 16 volumes of the entire spinal cord were ob-
tained.

The database is composed of 16 volumes, or 946 axial slices. 140
slices were manually segmented by a trained specialist (JL) for focal
(discrete, round/oval well-delineated white matter lesions) and subpial
(abnormal WM signal along the cord edge) lesions, previously char-
acterized in a MRI postmortem study [22]. Those slices were selected
empirically, aiming to represent the variability of the dataset well in
terms of vertebral level, lesion load and image quality (SNR, intensity
bias). The number of slices (140) was empirically incremented: we first
started with less slices, and increased the number until we obtained
satisfactory results. Several binary masks were obtained by a semi-au-
tomatic intensity-based segmentation using the software Jim (Xinapse
Systems) for grey matter, focal lesions, and the cross sectional area of
the normal appearing cord.

A first model was trained to segment the NAWM and the NAGM on
data coming mostly from the early time points (to: 38%, t;: 19%, ty:
13%, to: 30%), which are the least affected by the disease. For this
model, the training dataset was composed of 79 images, the validation
dataset of 17 images, and the evaluation dataset of 44. Images from
marmosets 1 and 2 were used for the training and validation datasets,
and from marmosets 2 and 3 for the evaluation dataset. A second model
was trained to segment the same structures and with the same hyper-
parameters, validation dataset and evaluation dataset, but using all 140

vertical symmetry

channel shift

scaling

Fig. 3. Illustration of the possible transformations for data augmentation during training.
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Fig. 4. Examples of axial PD-weighted MRI slices from healthy marmosets (before EAE). The spinal cord appears in the center. The grey matter exhibits an “H”
pattern and is surrounded by the white matter (as opposed to the brain). From left to right: cervical, thoracic and lumbar levels.

images and ground truth for the training dataset. The first model was
used to evaluate the method and hyper-parameters, and in particular to
confirm there was no overfitting. The second model used the method
and hyper-parameters validated by the first model, but since it was
trained with more data, it produced better results.

3.1.2. Network and hyper-parameters

The architecture used for the network is a variation of the original
U-Net [12] with fewer layers and weights, as shown in Fig. 5. Using a
smaller network makes the training faster.

The following hyper-parameters were used:

Cropping: All the slices were center-cropped to a rectangle of
160 x 160 pixels. This choice was a compromise between having a
small image size for the patch (better computation performance)
and having enough information to train the model. Hence, we made
sure to at least include the cord, the spine and a reasonable portion
of surrounding tissue. The size of the patch is illustrated in Fig. 3.

Normalisation: Mean centering and standard deviation normal-
isation of the pixel intensities. This is a common procedure for
segmentation tasks;

Batch size: 11 samples. This parameter results in a compromise
between the representativeness of the global dataset within each
batch (large batches) versus the capability of exploring more sui-

was chosen through hyper-parameter optimization, where possible
values ranged from 10~ ° to 0.1.

Dropout: Rate of 0.3. This parameter helps regularize the network
and prevent overfitting. This value was based on the literature and
our preliminary experience.

Batch-normalisation: Momentum of 0.1. This value was based on
the literature and our preliminary experience.

Iterations: 10,000 epochs, with 8 batches at each epoch for the first
and 13 for the second model. The number of epochs could be
stopped automatically after reaching a Dice loss value, however we
preferred to let the network continue training and regularly inspect
the output segmentation through TensorBoard. For example, after
about 3000 epochs, the Dice loss started to plateau, however we
decided to continue the training, as we noted that the appearance of
the segmentation was more regularized (based on qualitative eva-
luations, not captured by metrics).

Data augmentation (see Fig. 3): Right-left flipping (50% rate),
scaling [0.5, 1], rotation [—20°, +20°], channel shift [—20%,
+20%] of the max signal intensity (i.e., 1, after normalisation) and
elastic deformation (30% rate, Gaussian displacement field of
sigma = [3, 4.5] and amplitude= [8,17]). These values were based
on our preliminary experience.

The complete list of the hyper-parameters and their value are

table solutions by the network, at the detriment of converging available at https://github.com/neuropoly/multiclass-segmentation/
slower (small batches). This parameter was chosen through a hyper- blob/master/parameters_template.json.
parameter optimization, where possible values ranged from 5 to 50. Training on a single NVIDIA Tesla P100-SXM2 took approximately

Optimization: Adam optimizer [15] with a learning rate n = 0.001. 8h (10,000 epochs).
This parameter impacts the speed and precision of convergence. It

1 32 3@ 9% 32 32 4
Output
Input |5 §o » B+ |+ |+ | segmentation
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H>H-»> N 4 up-sample 2x2, bilinear
=) 1x1 cony, softmax

Fig. 5. Architecture used for the network, based on the U-Net architecture. Each dark blue box corresponds to a multi-channel feature map. The number of channels
is denoted on top of the box. Light blue boxes represent copied feature maps. The arrows denote the different operations. The idea is to combine convolutions and
down-sampling operations in the contracting path (left part) to extract high-level features (bottom). Then the high-level features are up-sampled and combined with
the lower-level features (light blue boxes) through convolutions in the expanding path (right part). Combining high-level and low-level features corresponds to
combining global and local information. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)
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Table 1

Comparison of the two models trained on the same evaluation dataset with the
following metrics: precision, recall, Dice similarity coefficient (DSC), Jaccard
index (JI), Hausdorff surface distance (HSD) and mean surface distance (MSD).
The metrics are computed with respect to the manual segmentations. The best
results are shown in bold font. Here HSD and MSD metrics are in pixels.

First model Second model

NAWM NAGM NAWM NAGM
Precision (Best: 1, Worst: 0) 0.848 0.956 0.910 0.952
Recall (Best: 1, Worst: 0) 0.957 0.852 0.955 0.934
DSC (Best: 1, Worst: 0) 0.892 0.896 0.923 0.940
JI (Best: 1, Worst: 0) 0.812 0.815 0.876 0.889
HSD (Best: 0) 1.883 1.571 1.631 1.319
MSD (Best: 0) 0.119 0.110 0.106 0.067

3.1.3. Results

Table 1 lists resulting scores for the first and second models. The
first model already gives satisfactory results on the evaluation dataset
(i.e., unseen during training), suggesting a good likelihood of successful
generalization with new data. Yet, we can see in Fig. 6 that the first
model produces false positives of NAWM segmentation. This first
model's results are good enough to validate the chosen hyper-para-
meters. However, the presence of false positives motivated us to in-
crease the generalization of the network by training it with more data,
which is done with the second model.

The second model presents even better results for almost all metrics.
However, since the images of the evaluation dataset were also used for
training, these scores are somewhat less meaningful. Hence, we re-
sorted to a visual evaluation of the segmentations' aspect on data that
was not used during both trainings (see Fig. 7). Since these data were
not manually segmented, computing metrics was not possible. Overall,
the second model presents fewer false positives, suggesting that it
performs better than the first model.

While the Best/Worst results are listed in the table for easier in-
terpretation, it should be noted that the relevance of the overlap (DSC,
JI) and distance (HSD, MSD) metrics are relative to the size/shape of
the object and the native resolution of the image. For example, if ob-
jects are small (i.e. few voxels) a difference of one voxel between them
will have disproportionate effect on the DSC, as also pointed out in
[23,24]. Therefore, those metrics are best interpreted when compared
between different conditions, as opposed to being considered in their
absolute sense.

Raw
input

First
model

Ground
truth
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3.2. Human spinal cord grey matter challenge

To demonstrate the applicability of the method in another scenario,
we used data from the publicly-available spinal cord grey matter seg-
mentation challenge [1].

3.2.1. Data and training

The dataset consists of 4 sites with 20 healthy subjects each (80
subjects in total). The MRI pulse sequence was a multi-echo gradient
echo, with voxel size ranging from 0.25 X 0.25 X 2.5mm to
0.5 x 0.5 x 5.0mm. The dataset was split between training (40, 10 per
site) and test (40, 10 per site). The test set's manual segmentations were
hidden from us.

The challenge data includes ground truth segmentations of GM and
WM generated by four independent raters. Here, we used the labeling
obtained with the majority vote of these four labelings. As our frame-
work is intended to be used on homogeneous datasets, we trained in-
dependently four models, one for each site. The models were trained on
all the training volumes, which represents 30, 113, 274 and 134 images
for the sites 1, 2, 3 and 4 respectively. For training, we used the same
hyper-parameters as the ones used for training the marmoset model,
except for the cropping size which depends on the original size and
resolution of the images. The cropping size was [80 x 80] for sites 1
and 2, and [160 X 160] for sites 3 and 4.

Trainings on a GeForce GTX 1070 took about 1, 3, 10 and 6 h re-
spectively for sites 1, 2, 3 and 4.

We also trained one model using the data from all sites to compare
the results. This model used the same hyper-parameters, with a
[80 x 80] cropping size. The training of this model took about 6 h on a
GeForce GTX 1070.

3.2.2. Results

Although we trained our models to segment both the WM and GM,
the spinal cord grey matter segmentation challenge platform only ac-
cepts submission for the GM segmentations. Table 2 shows a compar-
ison of existing segmentation methods and our method (last column)
and demonstrate best performance of our method in 6 out of 10 metrics.
It should be stressed however that our best performing method uses one
model per site while other methods use single training from all ag-
gregated data across sites.

Fig. 6. Comparison between the first model and the ground truth. Blue: NAWM, red: NAGM. False positives of NAWM are pointed by red arrows. (For interpretation
of the references to colour in this figure legend, the reader is referred to the web version of this article.)
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Fig. 7. Comparison between the two models trained. Blue: NAWM, red: NAGM. False positives of NAWM are pointed by red arrows. (For interpretation of the
references to colour in this figure legend, the reader is referred to the web version of this article.)

4. Discussion and conclusion

In this study, we presented an open-source pipeline to perform
single-class or multi-class segmentation of MRI volumes using su-
pervised neural networks. This pipeline is specifically designed for
small and homogeneous datasets, hence it is particularly adapted to
single-site datasets acquired with the same acquisition protocol. Two
typical use-case scenarios were presented for segmentation of the grey
and white matter in the spinal cord.

The first scenario was based on 7 T MRI data from marmoset model
of EAE, exhibiting variable numbers of highly-contrasted lesions in the
spinal cord. Here, the presented framework enabled us to segment al-
most 1000 images based on 140 manual segmentations. While the effort
is largely minimized thanks to this automatic framework (see Table 1),
the exploitation of the output predictions in a medical context still re-
quires the overview and manual corrections of an expert. This case-
scenario was quite conservative because the varying appearance of le-
sions across time points made it very difficult for the network to gen-
eralize well, hence a relatively high number of ground truth slices (140)
was required. In similar data without lesions, we estimate that less than
5% of ground truth would be necessary [14].

The second scenario was based on the publicly-available dataset of
the human spinal cord grey matter segmentation challenge [1]. Here,
we demonstrated that the underlying strategy of the framework, con-
sisting of training with less data but from homogeneous datasets, can
produce better results than models trained on larger and more hetero-
geneous datasets. It should be stressed, however, that our architecture
might not be the best in absolute terms.

Indeed when we use data from all sites in a single training our

Table 2

model show worse results, with sensibly higher standard deviations of
the scores, which indicates far less consistent performances.

Not explored in this paper but worth mentioning, is that transfer
learning techniques from traditional image classification/segmentation
tasks are expected to greatly improve the performance of the network.
This was not investigated here because the purpose of this study was to
offer a possibility to train a model from scratch.

Another approach that takes advantage of large databases with little
ground truth data is the use of semi-supervised learning methods
[25,26], that can yield improvements even in a small data regime.
Another way to minimize the burden of creating manual annotations is
to use active learning, whereby the most uncertain predictions are se-
lected for manual correction before re-training the model [7].

The proposed open-source framework is freely available at https://
github.com/neuropoly/multiclass-segmentation. It provides a tool to
partially automate the segmentation of MRIs. It is an end to end, self-
sufficient solution that shows good results on homogeneous datasets,
even with small amounts of data.

We hope this framework will result in the creation and sharing of
trained models that will facilitate research in medical studies.
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