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A lightweight strawberry ripeness detection method based on YOLO11n

YIN Shuyu, RUAN Ningjun

(School of Electronic Information and Elecirical Engineering, Yangize University, Jingzhou 434020, China)

Abstract: In field environments, to address the challenges of limited computing resources in strawberry-picking ro-
bots, small target size, as well as occlusions and overlaps caused by leaves and fruits that hinder accurate detection, an im-
proved model based on YOLO11n was proposed to detect strawberries in the immature, turning, and mature stages. Firstly,
MobileNetV4 was used to replace the original backbone network to reduce the number of parameters and computational cost.
Secondly, a new feature fusion method, Bi-Freq, was proposed to replace the neck network’ s original feature fusion strate-
gy, enhancing feature representation and robustness. Finally, the SEAM attention mechanism was added to the detection
head to improve the model’ s capability in processing spatial and channel information. The improved model ( YOLO1In-

MFBS) achieved 1.713 M parameters and 4.7 G FLOPs, reducing parameters and floating-point computation by 33.9% and
26. 6% respectively compared to the original YOLO11n. Compared with other mainstream detection models, YOLO1l1n-

MFBS demonstrates superior performance in both lightweight design and detection accuracy.
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Table 2 Experimental results of feature fusion module comparison
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Fig.10 Detection images of four models
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Table 4 Comparison of detection performance across different
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Fig.11 Comparison of detection performance between two models
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