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Fig.1 Examples of peach blossom images in natural scene
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Fig.2 A technical framework for peach blossom identification
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Fig.3 Faster R—CNN network structure
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Table 1 Different parameter Settings of YOLO V4 peach blossom identification results
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batch=64 batch=64 batch=64 batch=64
subdivisions=64 subdivisions=32 subdivisions=64 subdivisions=64
width=608 width=608 width=640 width=640
height=608 height=608 height=640 height=640
stride=2 stride=4 stride=2 stride=4
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Table 2 YOLO v4 model accuracy under different parameters

B—HBH BB EHE EAEEE S
SRR L 13.11 17.03 16.44 18.95
TFIHER R MAP 0.85 0.86 0.85 0.83
BEER 0.97 0.97 0.98 0.97
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Fig.5 Peach blossom detection results of YOLO v4 model under natural scenarios (blue sky,land and others)
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Fig.6 Peach blossom detection results of the Faster RCNN model with the probability of the background (blue sky,

land and others) greater than 0.5.
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Table 3 Experimental comparison of accuracy of peach blossom identification algorithm in different models

YOLO w4 0.5) Faster R—-CNN Faster R-CNN Faster R—-CNN
(FfE0.5) ({1 0.1) ([#{1.0.01)
AR R L 17.03 0.80 0.80 0.80
EEIMER R MAP 0.86 0.42 0.51 0.51
HERR 0.97 0.36 0.39 0.39

tachua detections with pitaohua | box) >= 0.1

Fig.7 Peach blossom detection results of the Faster RCNN model with the probability of the background

(blue sky,land and others) greater than 0.1.
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Fig.8 Peach blossom detection results of the Faster RCNN model with the probability of the background
(blue sky,land and others) greater than 0.01.
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The peach blossom detection method based on darknet deep
learning framework

Guo Tao' , Guo Jiaz, Li Zongnanl , Qiu Xia' , Wang it
(1. Institute of Remote Sensing and Digital Agriculture, Sichuan Academy of Agricultural Sciences , Chengdu
610066, China;2. The Academy of Digital China(Fujian),Fu Jian Fuzhou 350116, China)

Abstract: [ Purpose ] The purpose is realize the accurate, rapid and effective detection of
peach blossom by intelligent agricultural robot in natural orchard scene. [ Method ] the camera is
used to get peach blossom’ s image data, and Labellmg software is used for manual marking to
establish a detection sample dataset for peach blossom target identification, and YOLO v4 model
under Darknet deep learning framework is trained to identify peach blossom. [ Result ] The
accuracy evaluation of the model showed that the MAP accuracy of YOLO v4 model is 86%,
35% higher than that of Faster R-CNN, which was 51%. [ Conclusion ] Compared with the
traditional algorithm, the YOLO v4 algorithm has better real-time performance and robustness
for peach blossom detection in various natural environments, which has important reference
value for accurate peach blossom recognition identification which further lays a foundation for
accurate peach blossom and fruit thinning.

Key words: Darknet; Faster R-CNN; peach blossom identification; target detection; natural

scene



