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Abstract

In recent real-time embedded platforms, YOLOv4-tiny has gained attention for its fast processing speed and high
accuracy, however, its application in real-time environments remains limited due to the constraints of the Systolic
Array architecture. To address this, a Fused Layer architecture was proposed, but it is not optimized for the
Convolution Operation, Batch Normalization, Leaky ReLU(CBL) block of YOLOv4-tiny, making it difficult to
guarantee real-time processing performance. In this paper, we propose a Fused Layer architecture that is suitable for
the CBL block. The proposed architecture was synthesized using Synopsys' 14nm open library, resulting in a
296.74% improvement in throughput and a 74.76% reduction in latency compared to the Systolic Array architecture.
Therefore, the proposed architecture can contribute to ensuring real-time processing speed for YOLOv4-tiny and is
expected to be widely applicable to the latest YOLOv4-tiny models.
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Table 5. Timing analysis, latency, and throughput

comparison between systolic array and proposed architecture
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Table 6. Latency and throughput comparison of the entire
YOLOv4-tiny model on the systolic array architecture
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