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Figure 1  Cherry fruits photographed from different angles and
lighting conditions
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Figure 2 Different varieties of cherry fruits
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Figure 3 Cherry fruits data augmentation
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Table 1 Label distribution of the dataset

BAEESF R/ R/ A /A
Y2k 22 870 13 405 13063
45 UL 3197 1890 1704
IR S 3109 1815 1873

Mt 29176 17 110 16 640

2 3t YOLOvVSN BB Bk i 77 5%

2.1 YOLOvs &k

YOLO (you only look once) 8 "1/ Jg&: — Fft 8 By Bt
E bR G I 5 9, L s 255 RORS B 1k 8 B o A5 R
N EVG S 53R 22 A4~ WA ) EE 5 50 %6 4% 90 k& 4 H s 1
AR B K L XF N A i A HE AT T I e 2% 2o SR A
AL 1 ¥4 B O O e ARG M 45 2R . SRR T SR Y
R A5, YOLO R 90 50 kA B bn A6 il sl 45 21 1)
2

YOLOV8'" & YOLO R4 b i i AL fR A, 78
G I K B RO R 5 TG AR IS L R I AE I H AR A
A R b JE BT W MR . M H YOLOVS!™
YOLOvSERE A S 1 F Ak T AR Ak . EAERHE 4 F



42 B RE AL AR L2 A 2 4 (R IS0

2025 4

B4 (FPNY ) B AR R A P4 (PANet ™) By FRFERY
BrAA W T — S B A IE ] C2IBIH AR T C3 Rk .
£ Head #43 , YOLOVS R H] T fift fl Sk 15 1, 451 2% R 5
A3 R A ] 45 2k A R, o A R K R VFL
Loss™, A4 454 T CloU Loss Fil 4 i 2042 i 45 2k
(DFL-distribution focal loss)*". AN, BRG] AT o4
HE (anchor-free ) T AE B T, (545 00 37t A5 B M0 7 35 v 24K o

FE SR I R B AR TR AR R I B A
W BE B THRG I AL A o G, AR BESEAE YOLOvVSn Y 2
i S o B o £ O S N STl R R P 95 - R G

Input

G B R AL 4y 44 9 ACS-YOLOvSn, 544k 5 40 4%
LR JUAS i : 1558 78 B T4, fili H ADown £5 He
B GWF REEEAE IR 5] A C2f_ContextGuided £
B DL BE i R AF 42 BUAE 1 o ok, 7E Neck #84> . H
GSConv BB T H MG FRERAE, DLt — 20 82 it
AR . A, C2OB P it 2 VoV -GSCSP ik .
XS B A0 it A R R R AR i AL g IR B W R T
Kk fE . B4R T YOLOVS 1Y J5 4 N 45 45 ¥, 1ii
6 0 Sk Bt J5 YOLOVS 1 I 28 285 4, e rp 21 46 4 i
Ty o T G R O AT

L Split 22 Boltlericcka

UPSAMPLI

SPPF

El4 YOLOvS#E!
Figure 4  YOLOVS baseline model
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Figure 6 ACS-YOLOv8n network architecture
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Table 2 Results of ablation experiments
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Figure 11 Parameter results of ablation experiments
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Table 3 Comparison experiment results

Model Precision/ % Recall/ % mAP50/ % Parameter/M Size/M GFLOPs
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Figure 12 Comparison of mA P50 during the training process
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Figure 13 Detection results of different models
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Tabled Comparison of experimental results of each category of images

Level Model Precision/ % Recall/ % mAP50/ % mAP50-90/ %
YOLOv8n 91.29 91.89 95.59 82.93
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All
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Research on cherry ripeness detection based on
improved YOLOvS8n

LI Ruixin’, CAO Yue?, Sl Xiuli"®, MA Li#

(1. School of Information Technology, Jilin Agricultural University, Changchun 130118, China;
2. Wuxi University, Wuxi 214105, China;
3. Jilin Agricultural Artificial Intelligence Research Base, Changchun 130118, China)

Abstract: Accurate detection of cherry fruits is crucial for improving fruit quality, optimizing harvesting timing, and
automating orchard management. However, due to factors such as small fruit size, diverse colors, complex backgrounds, and
overlapping occlusions, detection still faced many challenges. To this end, this paper proposed a lightweight and improved
model, ACS-YOLOvS8n, based on the YOLOv8n architecture to enhance detection accuracy and efficiency. The model
introduced an adaptive downsampling module (ADown) in the backbone network, which integrates the advantages of average
pooling and max pooling, and combines multi-path convolution operations to effectively retain both global information and
local salient features, thereby enhancing the detection capability of small targets. Meanwhile, the Context Guided Block
(CGB) was used to replace the traditional C2f module, improving the model’s ability to perceive the relationship between the
target and the environment and enhancing the effect of multi-scale feature extraction through the joint extraction of local,
contextual, and global features. In the neck part, the Slim-Neck structure based on GSConv and VoV-GSCSP was
introduced to optimize the feature fusion method, significantly reduce computational redundancy, and balance speed and
accuracy. The experimental results showed that ACS-YOLOv8n achieved 92. 94% precision, 90.66% recall, and 96.57%
mAPS50 in complex orchard environments. Compared with YOLOvS8n, the precision increased by 2. 62 precentage point, the
recall by 1. 57 precentage point, and the average precision by 2. 08 precentage point, while the number of model parameters
and the computational volume were reduced by 31.90% and 33.33%, respectively, and the model size was 71.43% of the
original model. The proposed model demonstrated good detection performance and robustness in complex environments,
providing effective technical support for automatic cherry harvesting and intelligent orchard management.
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