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Abstract With the rapid development of my country’s remote sensing engineering technology, the
resolution of remote sensing images that can be obtained is getting higher and higher, and the image
background information is also more complex, which brings great challenges to the accuracy and robust-

ness of traditional target detection methods. With the development of deep learning, the convolutional
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neural network algorithm has better performance in terms of detection accuracy and robustness than tra-
ditional methods. In order to improve the accuracy and robustness of remote sensing image target detec-
tion with high resolution and complex background, the remote sensing image target detection algorithm
based on convolutional neural network is applied in this field. However, such algorithms usually have
complex models and a large amount of calculation, making it difficult to run efficiently on space and re-
source-constrained on-board platforms. Aiming at this problem, a convolutional neural network forward
inference hardware acceleration architecture based on aerospace-grade FPGA (Field Programmable Gate
Array) is proposed, and the YOLOv5s network model is selected as the target algorithm for architecture
design. Since the main body of the YOLOv5s network is composed of a large number of convolutional
layers, the center of gravity of the accelerator architecture design lies in the convolutional layer. In the
design of the architecture, the parallel expansion of input channels and output channels and the opti-
mization strategy of data pipeline control are adopted to effectively improve the real-time processing per-
formance of the inference stage is improved. The experimental results show that when using this process-
ing architecture to accelerate the inference stage of YOLOvb5s, the operating frequency of the convolu-
tion module can reach 200 MHz, and its computing performance can reach 394.4GOPS (Giga Opera-
tions Per Second). The power consumption is 14.662 W, and the average calculation efficiency of the
DSP (Digital Signal Processing) calculation matrix is as high as 96.29%. It shows that the use of FPGA
for hardware acceleration of convolutional neural networks in resource and power constrained on-board
platforms has significant advantages.

Key words On-board system, Convolutional Neural Network (CNN), Hardware acceleration,
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Table 1 Comparison of different CNN implementations on FPGA
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Uike /W 10.25 2.555 11.8 8.72 14.662
fiE#EHL/(GOPS-W ) 45.3 2.435 8.66 53.29 26.90
Epsp 95.2% — — — 96.29%
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