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Abstract

In recent years, deep learning-based object detection algorithms have developed rapidly. YOLOv8s
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can balance detection accuracy and speed, which is conducive to the implementation of intelligent
navel orange picking. In this paper, we improve the detection performance from two aspects: da-
taset expansion and model improvement. In terms of dataset expansion, rain and fog are added
into the navel orange images collected on sunny days to improve the detection ability of the model
in complex environments. In terms of model improvement, the weighed concatenation operation
is adopted in feature fusion to highlight the important features; the detection head at the shallow
layer in the original model is transferred to a shallower layer to detect targets that appear small
due to the severe occlusion; the second convolution operation in the backbone is replaced by a
omni-dimensional convolution to focus on important features in four dimensions: spatial position,
input channel, output channel and the entire convolution kernel. The experimental results show
that when compared with the method using the original YOLOv8s without data augmentation, the
precision, the recall and the mean average precision obtained by our method have been signifi-
cantly improved.
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Figure 1. Process of adding rain to an image
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Figure 2. Atmospherical scattering model
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Figure 3. Structure of the improved YOLOvV8s
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Figure 4. Principles of dynamic convolution and omnidirectional dynamic convolution
[& 4. h7EEFRF ODConv [RIE

w a,o w"
i

o
.

(a) BRRMZAI4ERE LInER IE (b) BRI N BIE L e I E

w, azow,

i S
[w ” .w] a, @
n
4 k.
k
€ Cin a,
n
t ut

k

k k - k L k
(c) B H B E %Fimggﬁﬂﬁ (@%&%ﬁﬁﬁELMEaﬁﬂﬁ

Figure 5. Adding attention weights to four dimensions in omnidirectional dynamic convolution
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Table 1. Results of ablation experiment
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Figure 6. Comparison of detection results between the baseline and our method in three scenarios
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Figure 7. Four metrics curves obtained by the baseline and our method during the model training
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