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Our Algorithm for Exploiting 
Temporal and Spatial Coherence

Our Work-Efficient GPU Algorithm Results

Remove duplicates from the auxiliary buffers in 
parallel without atomic memory operations or 
sorting:
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Our GPU algorithm is the first and only GPU level set segmentation algorithm that is both work-efficient and step-efficient. 
Our GPU algorithm performs O(n) work in O(logn) steps where n is the size of the active computational domain. For parallel 
stream compaction we use the work-efficient and step-efficient algorithm described by Harris et al. (2007) and Sengupta et al. 
(2007; 2008), and included in the open-source CUDPP library (2010).

In contrast to previous narrow band algorithms, we make the observation that even computations 
near the level set surface can be avoided in regions where the level set field has locally 
converged. This observation motivates our novel algorithm for tracking the active computational 
domain according to both the temporal and spatial derivatives of the level set field.

Our algorithm for tracking the active computational domain. Image data is shown in grey, 
currently segmented regions are shown in green, and intermediate results for computing the 
active computational domain are shown in blue. The active computational domain is outlined in 
black, and inactive elements are shown as partially transparent. The user places a seed to 
initialize the level set field and the initial active computational domain is determined according 
to the spatial derivatives of the level set field (a). During each iteration the level set field is 
updated at all active elements (b). The new active computational domain is computed according 
to the temporal and spatial derivatives of the level set field (c). If the new active computational 
domain is empty (d) then our segmentation has globally converged (e). Otherwise we go to (b).

The progression of our algorithm while segmenting the white and grey 
matter in a 2563 head MRI with a signal-to-noise ratio of 11. Total 
computation time 7 seconds.

T h e a o r t a a n d k i d n e y s i n a 
256x256x272 abdominal CT image. 
Total computation time 16 seconds.

The cortical and trabecular bone in a 
288x352x112 wrist CT image. Total 
computation time 12 seconds.

Evaluation

Performance of our algorithm and the GPU narrow band algorithm while segmenting the white and grey matter in a 
2563 head MRI with an NVIDIA GTX 280 GPU. We measured the size of the active computational domain per 
iteration (left) and the computation time per iteration (right). Lower is better for both graphs. Our algorithm reduces 
the total number of processed voxels by 16x and is 14x faster than the GPU narrow band algorithm.

Accuracy of our algorithm and the GPU narrow band 
algorithm while performing a set of repeated (N=10) 
white matter segmentations in a 2563 head MRI with 
varying signal-to-noise-ratio (SNR) values. For each 
segmentation we used a randomly selected seed 
point and we measured the Dice Coefficient (D) and 
Total Correct Fraction (TCF). Our algorithm is equally 
or slightly more accurate than the GPU narrow band 
algorithm in all cases.
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Initialize the level set field (green) in parallel. 
Each thread initializes one level set field element.

Compact the scratchpad in 
parallel to produce a dense list of 
active coordinates.

In a separate computational kernel, examine the 
level set field for active coordinates (blue). Write 
all such coordinates to a scratchpad using the 
coordinates themselves as array indices. Each 
thread examines one level set field element.
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Output new active coordinates in parallel. Each 
thread examines the neighborhood around one 
old active coordinate (grey) and outputs any 
new active coordinates (blue) to a series of 
auxiliary buffers. The choice of auxiliary buffer is 
determined by the position of the old active 
coordinate relative to the new active coordinate. 
Taken individually each auxiliary buffer will be 
free of duplicates, but taken collectively the 
auxiliary buffers may contain duplicates.

Compact the auxiliary buffers in parallel to 
produce a new dense list of active coordinates.

compact

In parallel, tag a scratchpad at all the coordinates 
in the first auxiliary buffer. 

Examine the next auxiliary buffer. In parallel, 
remove all previously tagged coordinates (red) 
from the auxiliary buffer. Tag in the scratchpad all 
the coordinates that have not been previously 
tagged (blue).

Repeat this process for each of the remaining 
auxiliary buffers. This is correct and free of race 
conditions since each step examines one 
auxiliary buffer and there are no duplicates 
within each auxiliary buffer.

Update the level set field in parallel. Each thread 
updates the level set field at one active 
coordinate.

update level 
set field
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Identifying distinct regions in images – a task known as segmentation – is an important task in 
computer vision and medical visualization. The level set method is a powerful and flexible 
numerical technique for image segmentation under challenging conditions. This method embeds 
an implicitly represented seed surface within an image and then iteratively deforms the surface to 
envelop the containing region of interest. The seed surface is implicitly deformed by updating 
fixed elements of the scalar level set field according to a partial differential equation tailored to the 
application. The level set method requires many small time steps and high field resolutions to 
obtain acceptable results, and has historically been associated with long computation times.

The narrow band algorithm (Adalsteinsson 1995) avoids unnecessary computation by only computing 
level set field updates inside a small region (i.e. a narrow band) of elements around the level set 
surface. The GPU narrow band algorithm (Lefohn et al. 2004; Jeong et al. 2009) adapts this algorithm by 
mapping the irregular and dynamic narrow band onto a physically contiguous domain better 
suited for GPU computation.

The GPU narrow band algorithm is work-efficient and vastly outperforms its CPU counterpart. 
However the GPU narrow band algorithm is not step-efficient due to its reliance on the CPU to 
perform O(n) additional data processing (Lefohn et al. 2004), or more recently its reliance on the GPU to 
perform O(n) atomic memory operations (Jeong et al. 2009). Moreover the GPU narrow band solver we 
tested took over 100 seconds to converge on the brain matter in a 2563 head MRI on a state-of-
the-art GPU. These limitations constrain clinical applications and motivate our novel algorithm.

In this poster we describe three distinct contributions:

1. A novel algorithm for limiting the active computational domain to the minimal set of changing 
elements by examining the temporal and spatial derivatives of the level set field.

2. A work-efficient and step-efficient mapping of our algorithm to manycore GPU architectures. 
Our GPU algorithm has O(logn) step-complexity, in contrast to previous GPU algorithms which 
have O(n) step-complexity.

3. We apply our GPU algorithm to 3D medical images and demonstrate that our algorithm 
reduces the total number of processed level set field elements by 16x and is 14x faster than 
the GPU narrow band algorithm with no reduction in segmentation accuracy.


