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Abstract: To address the challenges of complex, dense apple distributions and detection difficulties in orchards, this study proposes an im-
proved YOLOv8 model based on EMA and Swin—Transformer. The model replaces some of the convolutions in the YOLOv8 backbone network
with alterable kernel convolution for flexible feature sampling, incorporates a Swin—Transformer module to enhance global-local information
interaction and improve feature extraction efficiency, adds an efficient multi-scale attention mechanism to capture features across different
channel dimensions, and replaces CloU with WloU to boost model generalization. Experiments were conducted on two real-world orchard data-
sets. On Dataset A, the improved model achieved precision, recall, and mAP_0.5 of 91%, 90.3%, and 94.8%, respectively, representing in-
creases of 4.6, 4.8, and 5.1 percentage points over the original YOLOv8 model, with a single—frame detection time of 8.2 ms. On Dataset B,
the three metrics are 86.8%,79.3% and 88.9%, respectively , representing increases of 5.8,4.1, and 8.5 percentage points over the original YO-
LOv8 model, with a single-frame detection time of 7.9 ms. The improved algorithm significantly enhances detection performance while main-
taining real-time capability, facilitating its deployment on mobile devices.
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Table 3 Ablation experiments
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P/% R/% mAP_0.5/% P/% R/% mAP_0.5/%

Baseline 86.4  85.5 89.7 81.0 752 80.4
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+Swin-Transfomer 87.4  87.5 922 82.0 74.6 85.5
+AKConv 88.3 885 91.5 849 783 83.9
+WloU 86.6 85.2 91.1 80.4 77.6 85.8
Ours 91.0 903 94.8 86.8 79.3 88.9
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Table 4 Results of comparison experiments

F4 WHLBER

i A BB
oA
P/% R/% mAP_0.5/% P/% R/% mAP_0.5/%

SSD 784 763 84.7 704 69.8 732
Faster R-CNN ~ 87.8  85.3 93.3 61.2  60.4 69.5
YOLOv6n 854 823 88.7 825 73.6 78.8
YOLOv8s 86.4 855 89.7 81.0 752 80.4
DETR 858 842 88.9 87.0 769 81.3
YOLOv10n 88.6  90.7 92.7 827 775 83.6
SA-YOLOv8 87.9 904 93.6 83.6 8.4 88.6
YOLO-MS 90.4 898 94.3 845 79.1 88.2
Ours 91.0 903 94.8 86.8 79.3 88.9
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