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FPGA-Based Hardware Accelerator Implementation for
YOLOv4-Tiny with Input Feature Map Block Partitioning

NAN Yang, LU Xuan", ZHANG Ting
(College of Physics and Electronic Engineering, Shanxi University, Taiyuan 030006, China)

Abstract: To address the issues of long execution time and high power consumption when running the
YOLOv4-Tiny algorithm on an FPGA, a block-wise optimization hardware acceleration method was proposed.
In this method, the feature map was divided equally into multiple small blocks. During the inference process
of each block, a ping-pong buffering mechanism was utilized to achieve pipelined scheduling of data prefetching
and computation. Concurrently, throughput was enhanced through pipeline design. The acceleration of the
YOLOvV4-Tiny convolutional neural network was ultimately implemented on a ZYNQ7020 FPGA. Finally,
comparative experiments before and after hardware acceleration, along with road scene testing experiments,
were conducted. The experimental results showed that the inference time for a single frame on the ZYNQ7020
FPGA was 0.411 s, with an average power consumption of 3. 021 W. The overall performance was superior
to existing FPGA acceleration platforms. This result demonstrates that the proposed method effectively
improves the system’s data transmission efficiency and bandwidth utilization.
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