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Table 1 Distribution of strawberry samples

Image category Ripe strawberry Unripe strawberry
Bl 4E Data set 594 1 042
Il 254 Training set 475 834
IHIEHE Validation set 59 103
WA 4E Test set 60 105
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Fig.2 EfficientDet backbone feature extraction network
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Fig.3 Strengthen feature extraction network structure
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Unripe strawberries Ripe strawberries Mixed strawberries
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Fig.> Effect diagram of five detection algorithms
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Table 2 Comparison of evaluation indicators Table 3 Comparison of evaluation indicators
of different algorithms for the detection of of different algorithms for the detection of
ripe strawberries % unripe strawberries %

5 Model P, P R F, FIE Model P, P R F,
Faster-RCNN 95 81.60 95.68 88 Faster-RCNN 98.00 87.76 98.47 93
YOLOv3 88 90.83 78.42 84 YOLOv3 91.02 89.76 87.02 88
YOLOv4 73 82.65 58.27 68 YOLOv4 65.00 90.57 36.64 52
EfficientDet-D0O 95 98.92 82.73 90 EfficientDet-DO 98.00 98.40 93.89 96
EfficientDet-D1 96 99.25 94.96 97

EfficientDet-D1 100.00 99.24 100.00 100
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Abstract A target detection algorithm based EfficientDet-D1 model was proposed to meet the re-
quirements of speed and accuracy in the rapid detection and classification of strawberries using the fast nor-
malized feature weighted fusion feature in EfficientNet network to quickly identify the ripe and unripe straw-
berries in natural environments. The YOLOv3, YOLOvV4, Faster-RCNN and EfficientDet-D0O models were
used for comparative experiments. The results showed that mean average precision (mAP) of the five algo-
rithms including YOLOv3, YOLOv4, Faster-RCNN, EfficientDet-D0 and EfficientDet-D1 was 89.51%,
69.02%,96.54%,96.71%,and 97. 50% , respectively. The detection performance of EfficientDet-D1 in the
ripe and unripe strawberries is better than that of the other four target detection algorithms , which has better
generalization and robustness, By using the EfficientNet network with a small number of model parameters.
It is more suitable for mobile identification,and can provide a new solution for the automatic picking technol-
ogy of the ripe strawberries.

Keywords deep learning ; target detection; EfficientDet; classification of strawberry ; EfficientNet
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