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Abstract Due to the complexity of the urine sediment space environment, there is much redundant information of the
collected tangible component image,and it also becomes difficult to extract effective image information. Therefore, the
amount of data that need to be deal with is huge. Although the serial version DJ8000 system platform of BP neural net-
work algorithm solves the problem of recognition accuracy of tangible components such as cells,it can’t meet the real-
time requirement of urine sediment image medical examination. To solve this problem, this paper presented a system
platform of parallel processing GPU framework based on BP neural network algorithm optimization. It uses parallel op-
timization framework to synchronize and accelerate processing of data efficiently. At the same time,it supports the hard-
ware platform based on GPU computing and test platform. Whether from the hardware indicators,data transmission and
bus technology or hardware and software compatibility,it will help solve the problems,which often occur in the uneven
load irregularities. Experimental data show that BP neural network algorithm for urinary sediment identification improve
the performance parameters such as speedup,aging ratio and running time on GPU platform processing platform. Com-
pared with DJ8000 system platform, the parallel processing GPU framework system platforms of AMD HD7970 and
NVIDAGTX680 are optimized,and their corresponding acceleration ratio parameter values are 10. 82~21, 35 and 7. 63~
15. 28 standard equivalents respectively. The data show that optimizing the mapping relationship between logical data,
address data and linear seeking function in the GPU processing system of parallel frame can dynamically allocate and op-

timize the algorithm structure and optimize the mapping between software and hardware system. Finally, it solves the
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problem of performance bottlenecks caused by load imbalance between threads. Thus.it effectively resolves the problem

of real-time detection in urinary sediment environment.
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GPUs: Throughput Oriented Design
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