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Figure 1  Apple photos taken in natural scenes
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Table 1 Experimental environment and model parameter

configuration
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Figure 2 Diagram of apple labeling
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Table 2 Ablation experiment

5 WIoUv3 MPCA FocusFeature P/% R/% mAP@0.5/%

mAP@[0.5: 0.95]/%  Parameters/M 154 /GFLOPs

1 88.8 80.4 90.5
2 N 85.8 81.7 90.8
3 89.9 81.8 91.4
4 N, 90.5 80.5 91.6
5 N 86.7 82.4 91.5
6 N, 88.3 84.2 92.3
7 N/ N, 90.1 85.6 93.1
8 N/ N, 92.2 86.4 94.4

69.6 3.01 8.1
70.7 3.01 8.1
70.0 3.46 9.1
69.7 3.39 9.9
70.8 3.46 9.1
70.7 3.84 10.9
71.0 3.39 9.9
72.4 3.84 10.9

3.3 XFLbikIE

R VAl SO R TR (R M B L AS B AR EAT TOX L
K %, ¥ B YOLOvS5n, YOLOv7-tiny, YOLOvSn,
YOLOv11n LA K A< B 53 i ik 55 10 AL 5 Fh 4% i Ak A58 700 7
A ) 25 90 B K il 3 R 4R R AT AR e 5 R
T 3R

MBI R ARG #0355 A I R 7 1, S A A )
ML 92. 2% F186. 4% & T YOLOvSn , YOLOvV7-tiny |
YOLOv8n. YOLOvI1n, kil #E 8% ¥ 5 H 7 4 $2 58
T 5 S HRE BE mAP@O. 53k 94. 4%, & W3 il 46 0 kG
I A 2 B R E mAP@[0.5: 0.95]
72.4% M B E ARG Rz AR R R E T,
o AR A 25 4 M R O TR B B T S SRR T 4
S 1 Hh e L R R S M

£3 M

Table 3 Comparative test

WESE  P/Y% R/Y% ’O”Af/@ ’"g‘ggﬁ(j/‘f:
YOLOv5n 88.3 81.7  91.3 69.9
YOLOv7-tiny  84.6 76.1  87.9 62.5
YOLOv8n 88.8 80.4  90.8 70.7
YOLOvlln 865 721  83.3 59.4
ARSI L 92.2 864 94.4 72.4

R UL SRS R R AS SO R T AR R b &
Z AT 5 A 4 RIS B AR TN ARCR o B 8 iR, MK
ATAAL SR AT L A A R DGR SRICE AR SR
2GR, R A AT BE T A 10 ARG v B SR B P Y
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Figure 8 Shows the detection effect diagrams of different

detection models
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Research on apple picking robot recognition algorithm

based on improved YOLOvS8n
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PAN Siqgi" °, YAO Huanjie*
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Abstract: To address the issues of low detection accuracy and poor robustness of apple picking robots caused by complex
environmental factors such as branch and leaf occlusion and uneven light distribution in orchards, this study proposes an apple
fruit detection algorithm that improves the lightweight model of the YOLOv8n network, aiming to enhance the accuracy and
reliability of apple detection in complex scenarios. Firstly, an “MPCA” (multi-scale position-channel attention) is added at
the end of the backbone network to precisely capture the position information of apples at different scales, thereby enhancing
the model's perception of target position features and effectively reducing the interference of complex orchard environments on
detection results. Secondly, a “FocusFeature” feature fusion module is introduced in the neck network, which uses multi-
scale depth wise separable convolution to achieve information fusion and feature enhancement, improving the model’s
detection capability. Finally, the loss function CIoU is replaced with WIoUv3 (WiseloU) , dynamically adjusting the weight
of samples in the loss calculation based on the matching quality of predicted and ground truth boxes, effectively enhancing the
model'’s localization accuracy. Experiments show that the improved model achieves an accuracy of 92.2%, a recall rate of
86.4%, and mAP@0.5 and mAP@[0.5: 0.95] of 94.4% and 72.4% respectively in complex orchard environments,
representing improvements of 3.4%, 6%, 3.9%, and 2.8% compared to the original algorithm. Ablation experiments
reveal that WIoUv3, MPCA, and FocusFeature feature fusion module increase mAP@0.5 by 0.3%, 0.9%, and 1.1%

respectively, with performance enhancement achieved through the synergy of multiple modules. The model size is 6. 69 MB,
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only 0.74 MB larger thanthe original model, without significantly increasing the computational load. Compared with
mainstream algorithms such as YOLOv5n, YOLOv7-tiny, and YOLOv11n, the improved model increases the accuracy by
3.9%, 7.6%, and 5.7% respectively, and mAP@1[0.5: 0.95] by 2.5%, 9.9%, and 13%, demonstrating significant
advantages in detection accuracy and generalization ability. It is evident that the improved YOLOv8n algorithm proposed in
this study significantly enhances the accuracy and robustness of apple detection in complex orchard environments through the
collaborative effect of multiple modules, providing an effective technical solution for the practical application of picking robots
and playing a crucial role in promoting the intelligent development of apple harvesting.

Keywords: YOLOv8n; picking robot; object detection; lightweight; model improvement; complex orchard environment
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