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Introduction: Spherical Deconvolution (SD) [1] is a model-based approach to retrieving angular fiber information based on High Angular Resolution Diffusion Imag-
ing (HARDI) [2]. The data are modeled as the convolution of a fiber orientation distribution (FOD) and a given fiber response function. However, solving for the FOD, 
i.e. deconvolving the measured signal, is a numerically ill-posed inverse problem and is therefore prone to noise instabilities. To address this issue several regularization 
approaches have been proposed (e.g. constrained SD [3], damped Richardson-Lucy-Algorithm (dRLA) [4]). 
Compressed sensing (CS) is a widely used technique in signal processing and has also been successfully applied in the field of diffusion MRI [5, 6]. Its key concept is to 
randomly undersample the data and to recover the missing information by exploiting generic prior knowledge about the data such as signal sparsity or minimal Total 
Variation (TV). This work applies CS-type reconstruction to SD and shows that this not only yields a denoising of the computed FODs due to its inherent regularization 
and consequently improves fiber-tracking results but it could also be used to undersample the HARDI acquisition, i.e. to accelerate the exam. 
Theory: Given the measured HARDI data d for a particular voxel the standard SD task reads  min ‖ ‖ 		s. t.		 0   (1) 
with the fiber response function H and the wanted FOD f. The non-negativity constraint is imposed to avoid (physically meaningless) negative fibers. Usually the num-
ber of potential fiber directions (i.e. the size of f) is greater than the number measurements (i.e. the size of d) yielding an underdetermined system (i.e. the matrix H is 
non-quadratic). Systematically reducing the number of measured data points, i.e. undersampling d, will further reduce the determinacy and result in increased blurring of 
the FODs. However, if the undersampling occurs in a random fashion, the application of CS is (up to a certain degree) capable of recovering the original solution by 
regularizing the inverse problem. In this work two different regularizations are employed: 
 

A)  min ‖ ‖ 		s. t.		‖ ‖, 0 
promoting sparsity of f thus yielding a few dominant fiber 
directions. 

B)   min ‖ ‖ TV  
with an undersampling operator M and TV(f) the total variation of f  weighted by a scalar λ 
yielding smooth plateaus of constant value separating background and distinct peaks. 

 

Task A) was solved using the YALL1 algorithm [7] and task B) by an iterative shrinkage-/thresholding approach (TV-ISTA) [8]. Note that, since f is defined on the 
surface of the unit sphere, a non-Cartesian definition of TV [9] was used. Although the non-negativity constraint is not explicitly stated in B), TV-ISTA always found 
non-negative solutions. 
Methods: Simulations of fiber crossings were performed using a Gaussian mixture model (FA=0.8, D||=1E-3 mm2/s, b=3000 s/mm2, 128 directions) with varying cross-
ing angles (30° to 90°) and up to 10% additive Rician noise. SD was performed using dRLA and the proposed method ℓ1-minimization A). Subsequently, fiber peaks 
were detected using a simple neighborhood comparison. 
Experiments on a healthy volunteer were performed on a 3T GE MR750 clinical MR scanner (GE Healthcare, Milwaukee, WI, USA) using a 32-Channel Head Coil 
single shot EPI (single spin echo, ASSET factor 3, TE =78.5 ms, TR = 5.8 s, 1.8 mm isotropic resolution) and a single-shell HARDI acquisition with 150 directions at b 
= 3,000 s/mm2. In addition, b=0-images were acquired every 10-th image and used for rigid motion correction. Due to the fairly high spatial resolution, the SNR of the 
diffusion weighted images was fairly low (5 ≤ SNR ≤ 10). The data were randomly undersampled with factor R=3 yielding a single-shell data set with 50 directions. SD 
was performed on the fully sampled data using dRLA (as a reference) and on the undersampled data using dRLA and the proposed TV-minimization method B). Subse-
quently, deterministic fiber tracking was performed using in-house software and visualized using TrackVis (Wang, MA, USA). Tract segmentation was done using an 
automated ROI seeding procedure [10] with manual refinement. 
Results: Fig 1. depicts the detected peaks of the crossing fiber simulation study. While dRLA lead to spurious peaks for noisy data, YALL1 was recovering the correct 
peak counts and directions independent of the noise level. It was also capable of resolving the 30°-crossing in the noiseless case. Fig 2. depicts exemplary fiber bundles 
obtained from the deterministic tractography. Besides the generally higher tract density, the proposed TV-ISTA performed better than dRLA in terms of recovering the 
tracts generated by the fully sampled reference. This holds true in particular for the motor-hand tracts as well as for the fine structures of the SLF branching out to the 
cortex. 
Discussion: This work demonstrated improved resolution of fiber peaks and consequently improved fiber tracking by the application of CS-type regularization strate-
gies to the inverse problem of SD. The proposed methods for ℓ1-minimization and minimum TV are particularly advantageous in the case of low SNR where standard 
techniques suffer from the arising of spurious FOD peaks. Furthermore, high angular resolution can be retained in the case of undersampled (i.e. angularly blurred) data. 
In conclusion, the proposed CS-algorithms might enable further increases in spatial resolution while at the same time reducing acquisition time by undersampling the 
HARDI-shell without compromising the quality of fiber tracking. 

Fig. 1: Scaled FOD peaks of crossing fiber simulations (black/gray) for dRLA 
(blue) and the proposed ℓ1-minimization A) (red dashed) for various crossing 
angles and noise levels. Numbers in the top right of each cell indicate the num-
ber of peaks detected. 

Fig. 2: Tractography results for the fully sampled and the undersampled data using either
the standard dRLA method or the proposed TV-ISTA. 
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