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Introduction: Tractography methods are increasingly used to detect white matter alteration and study brain connectivity. High angular resoluticn
diffusion imaging (HARDI) acquisition along with modelling techniques such as constrained spherical deconvolution (CSD) [1] can overcome the
issue of crossing fibres [2] and generate tractography information that can be analysed at very high resolutions, using track density imaging for
example [3]. However this requires generating vast amounts of tracks or streamlines using probabilistic [4] and/or bootstrap tractography [5]
approaches to estimate a solution within certain confidence bounds, resulting in long processing times. Processing times can be reduced Ly
conducting tractography in parallel on multicore systems as each computed track or streamline is assumed to be independent of every other. Another
avenue for reducing processing times is to use graphical processing units (GPUS). In recent years, the processing power of GPUs has greatly
surpassed central processing units (CPUs) and GPUs can greatly speedup algorithms that are parallel in nature and map easily to their architectural
paradigm. In this work, we present a GPU implementation of an established CSD-based multi-fibre tractography algorithm [4] and compare it to the
CPU-based implementation which is available as part of the MRtrix software package (http://www.brain.org.au/software/mrtrix/).

Methods: The tracking algorithm proceeds by initiating tracks at given seed points. This
is done by randomly sampling the amplitude of the fibre orientation distribution functions
(FOD) at the seed point in multiple random directions. If any of sampled amplitudes
exceeds a given threshold, a track is initiated. Tracking then continues via rejection
sampling of the FODs along the direction of the track [4]. Points along the track are stored
as the tracking continues. A track ends once the rejection sampling of the FOD fails to
exceed a given threshold.

Current methods using multicore CPUs compute each track in its entirety for each
computation thread, which will result in execution dead time on GPUs as the execution is
limited by the processing time taken by the longest track. Instead we used a novel
implementation that allocates each GPU thread a given number of tracks until the total  Figure 1. Tractography maps from the same subject using the
number of points across all the tracks in each GPU thread of computation reaches a given CPU version (A) and GPU version (B) of the algorithm.
limit. Another novelty of our implementation is the use of texture units on the GPU for
interpolating the spherical harmonics coefficients of the FOD. The GPU algorithm was

implemented in C++ in the CUDA framework [6]. 4500
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maps, comparing the CPU agorithm to itself and to the GPU agorithm (CPUVCPU and  Figure 2. Graph of the average running times of the CPU and

CPUVSGPU). Processing and analysis were conducted on machine with 8 CPU cores (2 x ~ GPU version of the algorithm for each subject with seeding

E5540 Intel Xeon CPUs @ 2.53 GHz) with 12GB of RAM and an Nvidia GTX460 Gpy ~ ©f 1 seed/mm’. Variation in the number of seeds is due 1o
differencesin head size of subjects.

(2Gb of ram, 332 GPU cores).

Results: Examples of tractography maps of the CPU and GPU versions are shown in Figure 1. No qualitative differences in the tractography maps
between the GPU and CPU versions were observed. A graph of the running times of the GPU and CPU versions is presented in Figure 2, showing
that the GPU version was 25 times faster compared to the CPU version. That allows us to compute whole brain tractography in 2 mins instead of £0
mins on a single core/thread. There were no significant differences (p-value > 0.05, Wilcoxon signed-rank test) in the MSE of average TDI maps
between the GPU and CPU (CPUVGPU) (3.45 + 0.43) versions of the algorithm when compared to the MSE computed between different executions
of the CPU algorithm (CPUvsCPU) (3.43 £ 0.44).

Discussion and Conclusion: Advanced probabilistic algorithms can provide a wealth of important information over the whole brain, but at the cost
of increased processing times. We have implemented a GPU tractography agorithm that makes use of textures to interpolate FOD and split the tracks
spatially to be processed by independent GPU threads. Our GPU implementation of a probabilistic tractography algorithm was able to achieve speed-
up factors of over 25 times on a standard GPU board (Nvidia GTX 460) while producing the same results as the CPU version. Newer generation of
GPU boards should achieve even greater speedups as more computation power becomes available.
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