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Abstract In this paper, we propose a novel method to improve FPS while maintaining the
accuracy of YOLO v2 model in NVIDIA Jetson TX1. In general, in order to reduce the
amount of computation, a conversion to an integer operation or reducing the depth of a
network have been used. However, the accuracy of recognition can be deteriorated. So, we
use methods to reduce computation and memory consumption through adjustment of the
filter size and integrated computation of the network The first method is to replace the 3x3
filter with a 1x1 filter, which reduces the number of parameters to one-ninth. The second
method is to reduce the amount of computation through CBR (Convolution-Add Bias-Relu)
among the inference acceleration functions of TensorRT, and the last method is to reduce
memory consumption by integrating repeated layers using TensorRT. For the simulation
results, although the accuracy is decreased by 1% compared to the existing YOLO v2 model,
the FPS has been improved from the existing 3.9 FPS to 11 FPS.
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