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Summary:

A token-based scheduler is developed to enable efficient utilization of graphics
processing unit in big-data clusters specifically for computer vision applications. The
scheduler addresses the racing conditions that occur on the graphics processing unit
due to simultaneous access by the parallel instances of the running application. The
presented scheduler enables the porting of computer vision applications to big-data
cluster with heterogeneous computing capabilities where multi-core central processing
units exist alongside graphical processing unit.
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Abstract

Big-data technology in recent years has become increasingly utilized to process
huge amount of data in a timely manner. The growth in the amount of visual data -
videos and images - generated nowadays raises the need for porting computer vision
applications to big-data frameworks in order to increase the processing throughput of

these applications.

On the other hand, developers and the scientific community have already ported
many computer vision algorithms to the Graphics Processing Unit (GPU) that

successfully accelerates these algorithms thanks to its data-parallel architecture.

Combining big-data with GPUs to scale computer vision applications both
horizontally and vertically yields a promising architecture for processing the huge
amounts of visual data and to fulfill the urging need to mine these data for underlying
patterns and information. Unfortunately, the number of GPUs available on a typical
processing node in a big-data cluster is limited and most of the time there is only one
GPU on such nodes. Therefore, multiple instances of the same computer vision
application running on top of any big-data framework leads to competition between

these instances on the scarce GPU resource.

In this thesis, we address the challenge of combining GPUs with big-data
technology in order to accelerate the processing of computer vision applications. We
introduce a GPU scheduler that is responsible for assigning the GPU to multiple
instances of the computer vision application efficiently with minimal competition and
best performance compared to using either the GPU or the Central Processing Unit
(CPU) solely. In order to achieve this we propose a token based scheduler that
guarantees that no competition occurs on the GPU. The evaluation shows increased
processing throughput up to 2.3x compared to CPU-only big-data processing with 24
cores, 2.1x compared to CPU-GPU big-data processing and up to 32x compared to the

sequential processing on a single CPU core.
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