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Abstract. A-priori knowledge of the number of fibers in a voxel is
mandatory and crucial when reconstructing multi-fiber voxels in diffusion
MRI. Especially for clinical purposes, this estimation needs to be stable,
even when only few gradient directions are acquired. In this work, we
propose a novel approach to address this problem based on a Deep Con-
volutional Neural Network (CNN), which is able to identify important
gradient directions and can be directly trained on real data. To obtain
a ground truth using real data, 100 uncorrelated Human Connectome
Project datasets are utilized, with a state-of-the-art framework used for
generating a relative ground truth. It is shown that this CNN approach
outperforms other state-of-the-art machine learning approaches.

1 Introduction

Diffusion Imaging makes it possible to acquire information about the course and
location of neuronal fibers in the human brain. In early stages, diffusion was
assumed to be representable by a single Gaussian tensor. A disadvantage of this
approach was that it was not possible to reconstruct complex fiber structures
such as crossing, fanning or kissing fibers in a voxel. This is a problem as such
complex fiber structures occur in up to 90% of voxels containing human white
matter [1]. To address this issue, High Angular Resolution Diffusion Imaging
(HARDI) and Multi-Compartment models were introduced, methods that re-
quire a multitude of diffusion images and a-priori knowledge of the number of
fibers in a voxel [2]. First approaches were based on a simple threshold to divide
the signals, with the threshold set manually for each dataset [3]. Due to the
fact that this is not feasible for large group studies, a more common approach
minimizes a generalization error starting with a single fiber and then increases
in order to optimize the error function [4]. A general drawback of methods that
minimize an error function is that they rely on their model, which often requires
many acquired diffusion gradients.

Another model proposed in [5] introduced a support vector regression (SVR)
approach, describing the number of compartments in a non-discrete manner.
Utilizing this novel approach, the adequate number of compartments is estimated
directly from the signal.
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In the recent past, CNNs achieved very good results in the field of Diffusion
Imaging outperforming current state-of-the-art methods [6,7,8]. It was shown
that a CNN is able to identify important neighboring information between gra-
dient directions in a voxel. In this work, the SVR approach is replaced utilizing
a CNN in order to further improve performance. In the present study, evalua-
tion is quantitatively performed on human data, utilizing data from the Human
Connectome Project as ground truth.

2 Materials and Methods

2.1 Material

The WU-Minn Human Connectome Project (HCP) dataset consists of diffusion
MRI brain scans acquired with a 3T Siemens Connectome MRI scanner that
recorded 145 axial slices with a resolution of 1.25×1.25×1.25mm3. In total, data
was acquired for 288 diffusion gradients, comprising 18 scans with no diffusion
gradient (b = 0) and 3 shells comprising 90 scans each, at b = 1000 s

mm2 ,
b = 2000 s

mm2 , and b = 3000 s

mm2 . For this work, an arbitrary subset containing
100 scans from healthy subjects was chosen from the WU-Minn HCP dataset.
Because of its high resolution, the HCP dataset is reduced such that for every
subject, only a single axial slice (slice index 70) with a b-value of b = 3000 s

mm2

was utilized (see Fig.1). In addition, this slice was resampled utilizing a Spherical
Harmonic basis for 90, 45 and 15 gradient directions in order to have the same set
of gradient directions across all subjects and to evaluate the effect of a decreased
number of gradients.

To generate a reliable real data ground truth, DIAMOND [4], which mini-
mizes a generalization error, was utilized using all three shells comprising 288
acquired gradients. It is openly available in CRKit and achieves an error rate
below 1% on synthetic data at a SNR of ≥ 30db. An example of the resulting
ground truth can be seen in Figure 1. It categorizes the voxels of the brain into
four different types of voxels: single-fiber (red), two-fiber (yellow), three-fiber
(green) and isotropic voxels (blue).

2.2 Signal Projection

To estimate the number of compartments with a CNN, each dMRI signal vector
was transformed into a 2D image by cyclic shifting it and adding it to its right side
in order to generate an image as proposed in [7]. Using this image, the CNN can
perform convolutions and learn features arising from correspondences between
signal values in the dMRI gradient neighborhood. Utilizing this pre-processing,
the CNN can be trained more easily in comparison to a normal Fully-Connected
Neural Network. In addition, we improved the pre-processing proposed in [7],
by shifting only M

2
times, where M represents the number of acquired diffusion

gradients, as further shifting only adds redundant information, reducing the size
of the generated image by 50%.
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(a) HCP dataset (b) Resulting relative
ground truth

Fig. 1. Exemplary slice of the HCP dataset and its resulting ground truth based on
DIAMOND. Red represents single-fiber voxels, yellow two-fiber voxels, green three-fiber
voxels and blue isotropic voxels.

2.3 Neural Network Architecture

An overview of all layers and corresponding parameters is provided in Table 1.
The input is first convolved with 32 kernels with 5 × 5 shape each. Then, a
Rectified Linear Unit (ReLU) is employed for feature extraction, followed by a
second convolutional layer with 64 3 × 3 convolution kernels. Utilizing a 5 × 5
kernel first results in a rough segmentation of important gradients, while the
second convolutional kernel further identifies the most important information.
After an additional ReLU nonlinearity, a max pooling layer extracts features
translation invariantly. After that, a fully connected layer with 20% dropout
probability reshapes the signal to 1024 neurons. The dropout can be interpreted
as a regularizer that forces the net to learn more robust features. After another
ReLU, the output is transformed with a softmax function. When the softmax
function is applied to the output of a neural network that solves a classification
problem, it can be interpreted as a probability of the input belonging to a class. In
this work, the cross entropy is used as loss function, which is minimized utilizing
the stochastic gradient descend algorithm with a learning rate of η = 0.005.
The whole network is build utilizing the open-source library TensorFlow.

3 Results

The performance of estimation the number of compartments is evaluated by
their F1-score, which is defined as

F1 = 2 ·
precision · recall

precision + recall
, (1)
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Table 1. Topology of the CNN for estimating the number of compartments Nc.

# Type Parameters

1 2D convolution 32× 5× 5

2 ReLU -

3 2D convolution 64× 3× 3

4 ReLU -

5 max pooling 2× 2 pool size

6 fully-connected 1024 neurons

7 ReLU -

8 fully-connected 4 neurons

9 softmax -

where precision is defined by
tp

tp+fp
and recall by

tp
tp+fn

, with tp containing the

number of true positives, fp the number of false negatives and fn the number
of false negatives. Whereas a high precision rate denotes that there are only few
false positives, a high recall indicates that there are only few false-negatives. The
F1-score, which is the harmonic mean between precision and recall, results in a
low value if one of both gets low.

Training is performed over 20 epochs with batches of 80 samples, and testing
takes part on the 20 remaining samples. In addition, each signal S is divided by
its mean Sb=0. In addition, a discretized version of the SVR proposed in [5] is
evaluated.

Table 2 contains the precision, the recall as well as their resulting F1-scores.
It can be seen that the SVR approach only provides a reasonable recall if 90
gradient directions are used, and achieves a lower value in all other cases. Overall,
it should be noted that precision is always lower than recall.

Figure 2 shows results on a slice. Both approaches achieve reasonable and
homogeneous results. However, the SVR approach tends to label three-fiber vox-
els as isotropic voxels, whereas the CNN approach shows problems estimating
isotropic voxels as three fiber voxels.

Table 2. Resulting precision, recall and the resulting F1-score for the CNN approach
and the SVR approach.

Method #Gradients Precision Recall F1-score

CNN

15 71.48% 81.08% 75.60%

45 74.63% 83.28% 78.37%

90 79.21% 81.97% 80.30%

SVR

15 66.79% 79.78% 71.57%

45 71.61% 82.60% 76.01%

90 73.97% 85.15% 78.65%
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(a) Ground truth (b) CNN (c) SVR

Fig. 2. Exemplary labeled slice estimated using the CNN and the SVR approach with
45 gradient directions as input. Red represent single-fiber voxels, yellow two-fiber vox-
els, green three-fiber voxels and blue isotropic voxels.

4 Discussion

The estimation of number of compartments achieves very good results and shows
only a few weaknesses in the considered settings for both CNN and SVR. In both
cases, classification benefits from a higher number of input gradients. However,
it should be noted that the CNN outperforms the SVR approach in nearly every
setting as shown in Table 2. Only at 90 gradient directions does the SVR method
achieve a better recall score than the CNN method.

Figure 2 shows the limitation of this work, as the CNN classifier may overes-
timate the number of compartments per voxel towards a three-fiber voxel, a bias
likely due to an unbalanced class weighting in the training data. In comparison,
the SVR seems to penalizes three-fiber voxels, resulting in a higher false-positive
rate for two-fiber and isotropic voxels. The same trends can be seen in Table 2,
as the precision seems to limit the F1-score for the SVR as well as for the CNN,
due to a higher false-positive rate. We addressed this issue by resampling under-
represented classes. This did not result in an improvement, though. This issue
should therefore be further investigated by adding a class weight factor in the loss
function or truncating data from overrepresented classes in the training data.

Moreover, since the utilized dataset has high resolution versus common dMRI
acquisitions, it contains a considerable level of noise and thus it is likely that the
ground truth suffers from label noise that limits the classifier’s performance. To
address this issue and to make CNN applicable across different scanner types,
individual synthetic data for training is required as shown in [5].

To conclude, the present study demonstrates how CNN can be utilized for
estimating the number of gradients in a voxel, with present finding showing that
CNN outperforms state-of-the-art machine learning algorithms. Furthermore,
preprocessing was improved by removing redundant information, thus reducing
the size of the generated input image by 50%.
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