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Strawberry Ripeness Cascade Detection Method Based on
YOLO v8n — seg and Lightweight CNN

HONG Qi'? KONG Mingyu' HE Leilei' KONG Shuolin' YANG Shuqin'® FU Longsheng'*
(1. College of Mechanical and Electronic Engineering, Northwest A&F University, Yangling, Shaanxi 712100, China
2. Key Laboratory of Agricultural Internet of Things, Ministry of Agriculture and Rural Affairs, Yangling, Shaanxi 712100, China)

Abstract: Aiming to address the problem of low classification accuracy in strawberry ripeness recognition
caused by branch and leaf occlusion and uneven lighting under natural conditions, a cascade detection
method that integrated an improved YOLO v8 instance segmentation with a lightweight CNN classification
network was proposed. This method firstly used the GhostNet lightweight structure and an attention
mechanism to improve the YOLO v8n — seg model for fruit localization and segmentation, achieving
accurate target segmentation in complex backgrounds with a relatively low model parameter count (2.6 x
10°). Nextly, fruit target areas were cropped from the original images by using the segmentation masks
and input into a CNN classification network built on EfficientNet — Lite. This network, with mobile
inverted bottleneck convolution ( MBConv) modules and a Softmax classifier, focusing on capturing subtle
color and texture feature changes on the fruit surface, effectively improved the model’s ability to recognize
fruits in transitional ripening stages. Experimental results showed that the proposed decoupled spatial
localization and attribute recognition coordination strategy significantly enhanced system robustness. The
average ripeness recognition accuracy reached 88. 1% , the overall system parameter count was 7.3 x 10°
(EfficientNet — Lite parameters accounted for 4.7 x 10°), and the inference speed was 71.9 {/s,
achieving accurate grading of unripe, turning, and ripe strawberries while ensuring real-time processing.
The research result can provide technical support for the vision system of intelligent strawberry-picking
robots.
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Tab.2 Performance comparison of different mainstream segmentation models

L J7 12 FT M % mAP, 5/ % mAP 5 95/ % e B/ ([-s1)
Mask R — CNN Swin— T 87.5 63.2 8.6 x 107 18.0
RT - DETR — seg HGNetv2 - L 87.1 63.0 3.25 x 107 32.0
YOLO v5n — seg CSPDarknet 83.5 58.2 2.1x10° 95.0
YOLO v7 — tiny — seg ELAN 85.2 60. 5 6.8 x 10° 67.0
YOLO v8n —seg ( F4k) CSPDarknet 84.5 59.5 3.4 x10° 115.0
YOLO v8n —seg ( itit) GhostNet 88.9 63.9 2.6 x10° 113.0
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Tab.3 Performance metrics of CNN model by category
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Fig.9 Feature visualization of strawberry maturity

based on Grad — CAM
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Tab.4 Comprehensive performance comparison of

different strawberry ripeness detection strategies
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Fig. 10 Embedded deployment environment and

detection results on Raspberry Pi 5
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