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Fig. 1. World Wheat Head Dataset
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Table 1. Performance of the proposed model

Model Augmentation loU(%)
Faster R—CNN 70.87%
Faster R—CNN CutMix 71.82%
Yolo v4 68.42%
Yolo v4 CutMix 69.94%
EfficientDet D5 72.45%
EfficientDet D5 CutMix 74.21%
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Fig. 2. Experiment result
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