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and T2w) segmentation model for IMSCT. We chose a two-stage 
cascaded architecture composed of two U-Nets (Ronneberger et al., 
2015) (i.e., semantic-wise CNNs). The first step consists of localizing the 
region of interest, i.e., the spinal cord. The second step labels the 
structures of IMSCT. Both models are based on the modified 3D U-Net 
implemented by Isensee et al. for the 2017 BraTS challenge (Isensee 
et al., 2017). The framework segments the three main components 
associated with IMSCT: the enhanced and non-enhanced tumor 
component, liquid-filled cavities, and edema. The choice of a multi- 
contrast design was motivated by the relevance of both contrasts (gad-
olinium-enhanced T1w and T2w) for delineating all components of the 
IMSCT (Baker et al., 2000). In clinical routine, both contrasts are 
generally acquired (Balériaux, 1999). Our pipeline is robust to varying 
resolution, fields of view, and tumor sizes. The cascaded models were 
trained on the three most common IMSCT types, which also happen to 
present very different image characteristics (shape, contrast, presence of 
edema/cavity). We integrated the model in the SCT open-source soft-
ware (De Leener et al., 2017). Hence, the pipeline can be easily applied 
to custom data within seconds in a single command-line or via the 
graphical user interface (GUI) available in SCT (v5.0 and higher). 

2. Material and methods 

2.1. Dataset 

The data used for this experiment includes 343 MRI scans acquired 
for preoperative examination (before application of any treatment) from 
Beijing Tiantan Hospital, Capital Medical University from October 2012 
to September 2018, with heterogeneous vertebral coverage (cervical, 
thoracic, and lumbar), from patients diagnosed with spinal cord tumor: 
astrocytoma (n=101), ependymoma (n=122), and hemangioblastoma 
(n=120). T2-weighted (T2w) and Gadolinium-enhanced T1-weighted 
(T1w) images were available for each patient, as well as the manual 
segmentation for the tumor, edema, and cavity. 36 astrocytoma cases 
were high-grade while the rest of the cases were low-grade. The seg-
mentation was performed by a neuro-radiologist with five years of 
experience, quality controlled and corrected accordingly. Table 1 pre-
sents the demographic data. The ranges of native resolution, in mm, of 
the sagittal scans were [0.34, 1.33] for the in-plane resolution and [1.5, 
5.2] for the slice thickness. Table 2 includes the volume information for 
each component by type. 

The ground truths for the spinal cord detection model were gener-
ated in two steps using SCT (De Leener et al., 2017). The centerline of the 
spinal cord for the images was manually identified. The current version 
of the spinal cord detection algorithm (Gros et al., 2018) not robust in 
the presence of tumors, hence could not be leveraged as an automatic 
algorithm for initial localization or as ground truth. From the centerline, 
a mask of 30 mm diameter was automatically generated. This value was 
chosen in accordance with the average spinal cord diameter with an 
extra buffer to ensure full coverage of the spinal cord on the right-left 
and anterior-posterior axes. 

2.2. Data preparation 

To maximize the segmentation performance, image registration was 
performed using SCT (De Leener et al., 2017). T1w images were 

registered (Avants et al., 2009) onto the T2w scans using affine trans-
formations with the cross-correlation metric on the SCT software. Im-
ages with different dimensions were resampled to a common resolution 
(1 × 1 × 2 mm3) before registration. Every registration has been 
manually verified and corrected if needed. Manual labels of vertebral 
discs were added and used to coregister the subjects when the first 
registration method failed. 

2.3. Processing pipeline 

The automatic pipeline includes preprocessing, a cascaded neural 
network and postprocessing. State-of-the-art pipelines for medical im-
aging tasks exploited cascaded architectures (Akkus et al., 2017; Gros 
et al., 2019; Christ et al., 2017; Hussain et al., 2017). A rationale of 
cascaded models is to isolate the region of interest with a first CNN and 
then segment the desired structure. Gros et al., 2019 benefits from this 
approach for spinal cord multiple sclerosis segmentation (Gros et al., 
2019). The first CNN finds the centerline while the second performs 
segmentation. This helped to limit class imbalance and focus the task on 
the spinal cord. 

Data preprocessing and model training was implemented with iva-
domed (Gros et al., 2020). Data is preprocessed before training or 
inference. The preprocessing steps are included in the model’s pipeline. 
The resolution of the sagittal images are set to 1 mm (superior-inferior), 
1 mm (anterior-posterior), 2 mm (right-left). This choice of resolution 
was based on preliminary investigations and is a compromise between 
computational time and segmentation precision. The resampled images 
were cropped voxel-wise with dimensions of 512 × 256 × 32, which 
corresponds to a bounding box of 51.2 cm × 25.6 cm × 6.4 cm applied at 
the center of the field of view. These dimensions are consistent with the 
adult spinal cord anatomy and allow for slight angulation in the right- 
left direction (e.g., in cases of scoliosis). In cases where the field of 
view is smaller in one or more axes, the image is zero-padded instead of 
cropped. The intensity of each scan was normalized by subtracting the 
average intensity over the standard deviation. The framework of the 
model is a cascaded architecture composed of two steps (Fig. 2). The first 
step aims to localize the spinal cord and crop the image around the 
spinal cord mask with a 3D bounding box (Fig. 2 step 1). Both Gd-e T1w 
and T2w images are preprocessed, cropped and concatenated before 
being used as input for the second step of the pipeline being the tumor 
segmentation task (Fig. 2 step 2). The first step reduces the field of view 
on the tumor and makes the model robust for MRI with varying fields of 
view or dimensions. Smaller images also lead to faster training and 
inference in addition to mitigate class imbalance. For the tumor seg-
mentation model, the cropping is done with the spinal cord mask. Thus, 
the cropping size is different for every patient according to the field of 
view, dimensions of the image, and size of the spinal cord. The 

Table 1 
Demographic information of patients by tumor type. First row: number of subjects. Second row: sex distribution where M is male and F is female. Third row: median age 
in years. Fourth row: Age range in years (minimum–maximum). The last column presents the demographic information for all tumor types combined.   

Astrocytoma Ependymoma Hemangioblastoma All 
Subjects 101 122 120 343 
Sex 60M:41F 70M:52F 68M:52F 198M:145F 
Median age 30 42 35.5 37 
Age range (min–max) 1–63 8–76 8–66 1–76  

Table 2 
Tumor component volume by type (MEAN ± STD). Patients without cavity or 
edema were excluded from the average.   

Volume (cm3)  
Tumor Edema Cavity 

Astrocytoma 8.3 ± 5.9 7.2 ± 7.8 34.4 ± 31.8 
Ependymoma 8.1 ± 2.9 5.7 ± 4.0 23.0 ± 17.9 
Hemangioblastoma 2.7 ± 4.5 17.2 ± 13.1 49.0 ± 37.6  
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center data training while addressing privacy issues related to data 
sharing (Gonzalez et al., 2020). Integrated tools for continual training 
would benefit the IMSCT model. Continuous learning allows the model 
to learn from new examples presented to the model, and become more 
and more robust through time. A challenge associated with continual 
training is catastrophic forgetting which occurs when the model gives 
disproportionate weight to new learning examples, hence forgetting the 
initial training data (Kirkpatrick et al., 2017; Gonzalez et al., 2020). 
Implementing techniques properly addressing this issue would allow to 
develop a robust continuous learning pipeline. This opens the possibility 
of having a cooperative model trained on data from different centers 
without direct data sharing that would improve through time. 

4.5.2. Missing modalities 
In this work, a multi-contrast model was chosen to improve the 

robustness of the segmentation. The presented model requires both T2w 
and gadolinium-enhanced T1w contrasts to generate a prediction. Users 
missing one of the contrasts would be unable to use the model, but so-
lutions exist to mitigate this problem. HeMIS (Havaei et al., 2016) is a 
deep learning approach addressing this issue. A model robust to missing 
modalities would benefit the users since less images are necessary to 
have a prediction. Future work could focus on a HeMIS U-Net version of 
the model presented here. 

4.5.3. SoftSeg 
Recent work praises the benefits of leaning towards a soft training 

approach (Gros et al., 2021; Müller et al., 2019). SoftSeg (Gros et al., 
2021) is a training pipeline yielding and propagating soft values to 
address partial volume effect and certainty calibration of the model for 
segmentation tasks. Gros et al. reports higher Dice scores when using 
SoftSeg compared to a conventional segmentation pipeline. SoftSeg 
could be generalized to multiclass predictions and be applied to IMSCT 
segmentation. This method takes into account partial volume effect, 
hence could benefit the volume measurement of unhealthy tissues. Also, 
the soft predictions would give more insight on the model’s certainty 
especially towards ill-defined boundaries, which should be associated 
with higher uncertainty. The broader range of prediction values yields 
more information and allows a more enlightened postprocessing. 

4.5.4. Use of additional data for improved segmentation 
A recent study has shown that conditioning the model with the tumor 

type helps to improve the overall segmentation performance (Lemay 
et al., 2021). A possible avenue to enhance the model’s performance 
would be to input relevant clinical information to the model such as the 
tumor type, the grade, demographic information, etc. Metadata infor-
mation is often available in clinical settings and could be fed to the 
model with the images to improve the final output. 

5. Conclusion 

In this work, we presented the first model for multiclass segmenta-
tion for IMSCT with a two-stage U-Net based cascaded architecture. The 
choice of a cascaded architecture is associated with faster training and 
inference time, as well as higher dice scores. An average Dice score 
across 12 random splittings of 76.7% was reached to segment all IMSCT 
structures as a single class. Varying intensity patterns, ill-defined 
boundaries, and high class imbalance was a challenge to the separate 
labeling of tumors, cavities, and edemas. The model is associated with 
true positive detection rates above 87% for all components (tumor, 
edema, and cavity). Future work could focus on the implementation of 
continual learning tools, techniques to address missing modalities, or a 
SoftSeg version of the model. The segmentation pipeline is available in 
the SCT software and can be applied to custom data through a single 
command-line in a few seconds. 
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