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Macadamia ( Macadamia integrifolia Maiden & Betche) detection and rec-
ognition in natural environments based on YOLO-L
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Abstract: Aiming at the issue of low detection accuracy for macadamia nuts in natural environments due to overlapping,
mutual occlusion, and small targets, an improved YOLOv9 model recognition method ( YOLO-L) was proposed. Firstly, the Bi-
Former attention mechanism was introduced, which achieved dynamic and query—aware sparse attention allocation through the Bi
~level routing attention mechanism. This mechanism was capable of effectively capturing feature representations and enhanced the
network ’ s focus on global features. Secondly, the VoVGSCSP module was used to replace the CBFuse module in YOLOv9, which
improved the detection performance for small targets in complex scenes. Lastly, the default loss function of the YOLOv9 model

was replaced with an exclusion loss function, which solved the problems of dense fruit arrangement and missed detections, and

further enhanced the average accuracy of macadamia nut

%S H 87 .2024-08-23 detection. The effectiveness of the model was validated
E4WA: ZHAEZERAA LW H ( YNWR-QNBJ-2018-066) ; =% through ablation and comparative experiments. It was found
M BHE T I H (202301BD070001-077) that the mean average precision, precision, recall, and F,

PEZ B MALE (1997-) , &, mp PRI BUE A, FENF score of YOLO-L model reached 96.2%, 92.3%, 83.2%,
PRI | B A I 7 B 9Y . (E-mail ) 2817702741 @ and 90. 2%, respectively. Compared with the YOLOV9 model,
qq.com the mean average precision of the YOLO-L model was im-
BIRIEE: D %%, (E-mail ) mr@ swiu.edu.cn proved by 4.9 percentage points. Overall, the YOLO-L model
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can accurately identify occluded and overlapped macadamia nuts in natural environments with high detection accuracy. The re-

search results can provide effective technical support for the intelligent harvesting in the macadamia industry.
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Fig.1 Selected images of the macadamia nut dataset
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Fig.2 Data enhanced images
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Table 2 Accuracy and performance of improved model ablation experiments

LO-L AR UK RE A I3 B2 T ThT B 2 30 LU A

FE BiFormer VoVGSCSP  Repulsion Loss qzﬂji(l%;fﬂ]ﬁ *%(Eff?: E‘é;z 1;]%{? %ﬁ)‘%
YOLOv9 X X X 91.3 87.8 82.6 85.1 288.5
JRAS 1 VvV X X 96.4 95.3 93.0 94.1 345.3
A 2 x % x 87.2 82.7 80.5 81.6 43.1
JA 3 x x % 95.6 90.2 89.3 89.7 288.5
JiiAs 4 vV 4 vV 96.2 92.3 88.2 90.2 73.8
FEIERTE,
®3 AEERBEMFENIER
Table 3 Evaluation indicators for different models
el mAPg 50 mAP 50-0.95 GRS B la% F {8 e I 58
(%) (%) (%) (%) (%) (i, 1s)
YOLOv5 87.1 64.0 87.2 82.2 84.6 80.36
YOLOv8 90.2 82.3 90.5 89.1 89.8 50.64
YOLOv9 91.3 86.7 87.8 82.6 85.1 105.28
YOLO-L 96.2 92.0 92.3 88.2 90.2 129.54
Faster-RCNN 88.7 81.6 87.5 70.6 78.1 44.58
SSD 82.2 59.5 79.7 64.2 71.1 91.45

mAP s R 3ETIH (ToU) = 0.50 B (- S50E BESSE , mAP 5, g 05 28718 ToU JEFH 0.51~0.95 BB EE{E, F EILE 1,

K 8 JEs 1 AR g T AL SR 5] 8a S Bl
PLEEFERY A, e RS I 25 SR B4 RO R 7Y ( Faster-

RCNN . YOLOv8 . YOLOv9 . YOLO-L) [ ] ¥4k 45 5 3
FxFEe oA, HiE 8b 1 LIE HY |, Faster-RCNN 45 Al
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