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Coffee fruit maturity detection algorithm based on YOLOv8n model
ZENG Feng, TENG Kailiang, ZHANG Lei

(College of Physics and Electronics Information, Guangxi Minzu University, Nanning 530006, China)

Abstract: One of the main factors affecting the quality of coffee cherries is their maturity. To better assess the maturity of coffee
cherries and improve the quality of coffee production and processing, an optimized YOLOv8n-based method is proposed, addressing
challenges like complex backgrounds, small target sizes, and dense fruit distribution in natural environments. Firstly, the Bottleneck
in the YOLOv8n's backbone and neck C2f module is replaced with a Fasterblock, reducing the model’s parameter count while
maintaining detection accuracy and making the model more lightweight. Secondly, SPatial Depthwise Convolution ( SPD-Conv )
replaces standard convolution to reduce the spatial dimensions of convolution operations, enhancing accuracy in small target
detection. Lastly, a Global Attention Mechanism ( GAM) is introduced before feature fusion to dynamically adjust the important
regions in the feature map, improving the model’s focus on key features and boosting detection accuracy. The experiments show that
the improved YOLOv8n model outperforms the original version with increases of 21. 0%, 13. 8%, 12. 6%, and 3. 8% in average
precision, mAP@ 0. 50, mAP@ 0. 50-0. 95, and R, respectively, while the number of FLOating Point operations ( FLOPs) is
reduced by 0.9 G. These results indicate that the improved YOLOv8n model exhibits better performance.
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Fig. 6 Improved YOLOv8n network model
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Table 1 Ablation experiment
SEHIHEEE (Average Precision, AP)/%
" mAP@ 0. 50—
17 Models R pon: A RGeS0 A3 mAP/% mAP@ 0. 50/ % 0.95/% FLOPs/G
. 0
(dry) (‘overripe ) (ripe)  (semi_ripe) (unripe)

YOLOv8n 71.1 44.0 60. 4 52.0 87.2 62.9 72.9 66. 8 8.1

YOLOv8n+GAM 84.5 49.6 62.4 55.4 87.6 67.9 74.1 68.3 9.5

YOLOv8n+C2_faster 60.3 50. 6 62.2 54.2 87.2 62.9 73.8 66.9 6.3

YOLOv8n+SPD—-Conv 76.0 54.9 61.9 55.4 88.4 67.3 75.0 68.9 7.6

Improved YOLOv8n 87.9 62.9 92.1 82.4 94.3 83.9 86.7 79.4 7.2
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Table 2 Performance comparison experiment of the different models
- mAP/ R/ mAP@0.50/ mAP@0.50- FLOPs/
Ay
% % % 0.95/% G

YOLOv5 67.3 74.5 74. 1 68. 1 7.1
YOLOv6 63.6 73.6 70. 4 64.2 11.8
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Fig. 7 Detection results of different models
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