Modeling and Simulation #1545 X, 2026, 15(4), 91-104 Hans X
Published Online April 2026 in Hans. https://www.hanspub.org/journal/mos
https://doi.org/10.12677/mo0s.2026.154056

BT i YOLOVSHIEE R E
75 EHR

M B, THR, %4

ITHERHERFE B RE, TEE N

Wk H . 202643 H16H; s H W 20264E4H9H; KA HM: 20265£4H15H

R

BERREEMEPEFREERRERNARZ —, HAIAARBENEZERLAGEELF RN, B
BRI R. GEFEFESITRFEN. AR TIRE 3 T R 152 52 S i B B A B
Bt 58N, BT —METSEYOLOVSH IS % R LR B E KM L YOLO-BLUE. AT DS
=, BEETRNRNE, KHBoTNet (Bottleneck Transformer Network) & T2/ % JRYOLOVSF)
BackboneM %%, F£5] A\ CoordAttentioni: = S|, FHEZIN 2RI EHIMERERE ). AT EA IR
& E AR A, SINAEIR R EIWIoU. AIIFYOLO-BLUEBGH BA A ik, RENM B
BEHERERSIHMREIESE, RS ERY, YOLO-BLUERSTHEP. HEIRRU & FIEENE
mAP@0.575%)83.9%-. 81.6%M87.5%, HHRT4.3%- 5.0%M3.7%, FIEHE T LI LB M &
AL T TR B .

eI 40!

WAL, RAREN, EBAHEH, REFE, AR

Research on the Detection Method of
Blueberry Fruit Maturity Based on
Improved YOLOvVS

Wei Chen, Shigang Wang, Xueshan Gao

School of Automation, Guangxi University of Science and Technology, Liuzhou Guangxi

Received: March 16, 2026; accepted: April 9, 2026; published: April 15, 2026
Abstract

Blueberries are one of the fruits with relatively high economic benefits for orchard growers.
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Identifying blueberry fruits at different ripening stages holds significant economic value, as it can
help growers plan pesticide application schemes, estimate yields, and carry out efficient harvesting
operations. To enhance the accuracy and robustness of deep learning-based blueberry ripeness
detection algorithms, this study proposes an improved blueberry ripeness detection algorithm
(YOLO-BLUE) based on YOLOvVS8. To reduce the number of parameters and improve target detection
performance, the backbone architecture of the original YOLOv8 was replaced with BoTNet (Bottle-
neck Transformer Network). Additionally, the CoordAttention (Coordinate Attention) mechanism
was introduced to enhance the model’s ability to understand spatial structures. For more effective
improvement of target detection accuracy, the bounding box loss function WloU was adopted. To
verify the effectiveness of the improved YOLO-BLUE algorithm, blueberry fruits at four ripening
stages were collected to construct a dataset. Experimental results show that the precision (P), recall
(R), and mean average precision at IoU = 0.5 (mAP@0.5) of YOLO-BLUE reached 83.9%, 81.6%, and
87.5%, representing increases of 4.3%, 5.0%, and 3.7% respectively. This study provides a new im-
provement approach for blueberry ripeness detection algorithms.
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Figure 1. Images of blueberries with different ripeness
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Figure 2. Blueberry images in different situations
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Figure 3. Network structure of YOLO-BLUE
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Figure 4. A ResNet bottleneck block and A Bot-tleneck transformer (BoT) block
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Figure 5. Multi-head self-attention (MHSA) layer used in the BoT block
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Figure 6. The structure and processing flow of the CoordAtt block
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Table. 1. The experimental results of different backbone networks
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Figure 7. Model recognition results of different backbone networks
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Table 2. Comparison of results of different attention mechanisms
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Figure 8. Comparison of mAP@0.5 with different attention mechanisms added to the backbone network
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Table 3. Experimental results of different loss functions

3. FRIRKRIHSIILER

PN 0 SE AR eSS
Loss functions mAP@0.5/% box_loss cls_loss
CloU 83.2 1.09 0.63
WIoU 84.5 0.67 0.60
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Figure 9. Detection results of models with different loss functions
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Table 4. Performance comparison of different detection models

F 4. FRIMMIER M RERTEE

}R Models mAP@0.5/% P/% R/% F1/%
YOLOVSs 83.2 79.4 79.3 79.1
YOLOV5 81.6 78.8 78.3 78.6
YOLOv4 80.4 76.2 75.9 75.8

YOLO-BLUE 87.5 83.9 81.6 81.2

4.4. YOLO-BLUE RY;EiRhscis
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Table 5. Results of ablation experiments
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BoTNet CA WIoU mAP@0.5/% P/% R/% F1/%
x x x 83.2 78.9 779 78.7
\ x x 85.8 82.5 772 80.0
x J x 86.4 79.6 79.9 80.2
x x Y 84.5 81.6 76.4 78.8
N v x 84.6 83.8 76.3 79.8
Y x \ 86.3 81.8 79.7 80.3
x . S 84.8 79.1 78.7 79.0
S \ S 87.5 83.9 81.6 81.2
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(A HAS — 2 P18
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Figure 10. Detection results of the YOLO-BLUE model for blueberry ripeness under different natural environments
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