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Abstract: [ Objective] To improve the efficiency of recognition for banana ripeness. [ Methods] A method for recognizing banana ripeness
is developed based on improved YOLOv11n. A modified polarized self-attention mechanism is introduced into YOLOv11n to enhance the
feature extraction capability of the backbone network across various banana distribution scenarios. The original upsampling is replaced with
a module of content-aware reassembly of features, which enlarges the receptive field to more effectively aggregate contextual information.
Scylla intersection over union (SIoU) is adopted as the new bounding box loss, which calculates the vector angle between ground truth and
predicted boxes to better address the matching problem between them and reduce instances of missed and false detection. [ Results] The
improved method achieves increases of 1.4% and 3.0% in mean Average Precision 0.50 (mAPs,) and mean Average Precision 0.50~0.95
(MAP, 5,_0s), Tespectively, with the recognition accuracy surpassing other existing methods. [ Conclusion] The proposed method effectively
enhances the accuracy and efficiency of recognition for banana ripeness, demonstrating high practical value.

Keywords: banana ripeness; YOLOv11n; polarized self-attention; content-aware reassembly of features; scylla intersection over union
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Figure 1 Bananas at varying stages of ripeness
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Table 1  Ablation study results
A C2PSA-imp CARAFE SloU mAP, /% MAP, 5 0.5/% ZHE/M HER/G
YOLOv1In 95.1 74.0 2.6 6.3
HE1 N, 96.2 76.2 26 6.3
W52 NG 95.3 74.4 2.7 6.5
M43 N 95.5 74.8 2.6 6.3
A5 4 NG N 96.4 76.4 2.7 6.5
HAES N/ NG N 96.5 77.0 2.7 6.5
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Figure 5 Inference comparison before and after model

improvement

23 FEHNMHIX LKL

T 8 UE PSA-imp i B 7 AL AE AR 48 B B A
i PE ¥ H 5 PSA™ | Effective Squeeze and Extraction
Attention'"® Coordinate Attention'"®’ Shuffle Attention'* il
Normalization-based Attention" " # 17 XF [t , 45 WL 3% 2.
F1 2 2 T 1, PSA-imp £E mAP, 5o Fl mAP, 50005 16 B |
00O S v B A T A v O LR A R
T, KW PSA-imp 8 A B T 1 M 48 $2 BORFE {5 2., 3
il 5.
2.4 KR EEXT LRI

R T B AIE SToU Hi 2k R B Al £ T I ATE 5 14 S AE 22 1)
15 22 J7 1 A9 00 M SToU™ 5 CloUM™ | 2 8% 28 3F 1t

R2 FEEBENNHILER

Table 2 Comparison of different attention mechanisms

=k INi MAP, /% MAP, 5, 05/%
PSA 95.5 75.3
PSA-imp 96.2 76.2
Effective Squeeze and Extraction Attention 94.9 74.1
Coordinate Attention 94.8 73.9
Shuffle Attention 95.4 74.2
Normalization-based Attention 94.7 73.7
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Table 3 Comparison of different loss functions

% bR AL mAP, /% mAP, 50 05/%
CloU 96.4 76.4
EloU 96.2 76.4
WIoU 96.3 76.7
SIoU 96.5 77.0
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Table 4 Comparison of different object detection models

. mAP, s/ MAP 50005/ SEE/  ITE R/
% % M G

Faster R-CNN 89.1 60.0 28.3 470.5
SSD 94.6 66.8 24.4 30.7
Retina Net 90.9 63.0 36.4 73.5
FCOS 96.5 72.7 32.1 80.7
RT-DETR 91.8 70.0 32.0 103.5
YOLOV5s 92.8 67.7 7.0 15.8
YOLOv7-tiny 94.2 65.9 6.0 13.1
YOLOvVS8n 94.3 73.0 3.0 8.1
YOLOVYt 94.8 73.8 2.1 10.7
YOLOv10n 94.0 72.7 2.7 8.2
YOLOvIIn 95.1 74.0 2.6 6.3
YOLOvI11n-PCS 96.5 77.0 2.7 6.5
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Table 5 Comparison of existing methods %
Jrik MR KRR R
VGGNet—+ i BR A% & 42 7+ 91.5 90.1 88.7
AlexNet 88.7 87.6 88.1
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