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Fig.1 Schematic diagram of the aerial target detection
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Fig.3 Schematic diagram of Winograd convolution calculation process
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Fig.4 Aecronautical target detection system architecture
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Design of Neural Network Accelerator for Aeronautical Target Detection

Shi Lirui, Wang Shuaishuai, Xiao Hao
Hefei University of Technology, Hefei 230000, China

Abstract: Convolutional neural networks are widely used in the field of object detection in aerial images. However, in
order to extract higher-level feature information of small size and arbitrary direction target in complex background
environment, the structural complexity of the neural network model continues to increase, which makes the model
computationally complex and time-consuming. So it is difficult to satisfy real-time requirements in aerial target
detection. This paper proposes a neural network accelerator based on the Winograd algorithm for aerial target
detection. The Winograd convolution algorithm greatly reduces the number of multiplications in the convolution
calculation. However, there are many additional calculations in transforming input data and filter to Winograd domain
in current Winograd convolution. To addresses this problem, a deep pipeline calculation structure of matrix
transformation is proposed, which reduces the calculation amount of input transformation and output transformation
by reusing the intermediate results of addition calculation and adjusting the operation order. At the same time, for the
field programmable gate array (FPGA) implementation of the accelerator, an efficient data flow format and DSP array
structure are proposed. The experimental results show that the accelerator proposed in this paper achieves a speed
improvement of 32 times and 2.6 times compared to CPU and GPU respectively.

Key Words: target detection; convolutional neural network; accelerator; Winograd algorithm; FPGA
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