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Abstract

Neural network algorithm has a wide range of applications in the field of artificial intelligence,
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such as wheat ear recognition in Intelligent Agriculture in this paper. In this study, YOLOv5s algo-
rithm is used to study the target detection of wheat ears, which combines the target detection al-
gorithm with neural network algorithm. The data sets studied are from global wheat head detec-
tion (GWHD) dataset 2020 and GWHD dataset 2021 in Al crowd. Labellmg software is used to label
the marked data. Firstly, the rotation, turnover and brightness improvement in PIL are used to
enhance the preprocessing of the data. Secondly, YOLO series algorithms are selected to detect the
target of the preprocessed data set, increase the scale of wheat ear training set and improve the
generalization ability of the model. The ear of wheat is detected by YOLO algorithm, and the target
of the data set is detected accurately. The model is used to detect the wheat ear image. Among
them, YOLOvS5 algorithm adds mosaic data enhancement, adaptive anchor and image scaling
plates at the input. Using FPN and pan combined plates on neck, the accuracy, recall and average
accuracy on the test set are 78.1%, 85% and 52.1% respectively, which is higher than the test re-
sult of YOLOv3. This method can detect and label wheat ears efficiently.
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Figure 1. YOLOV5 Network Structure
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Figure 2. Sample image of dataset annotation

2. WRERETBIE R

DOI: 10.12677/airr.2022.112010 86 PNER ST IR YN


https://doi.org/10.12677/airr.2022.112010

#H %

FRESEEEEEZ G, RHA PIL (Python imaging library) 22t [ F b AT TRALBE[14], W0 R & 3 Fios:

PILJFE R HiAL B
PILPETEAS AL B
R AR
SRR
Ael
(d) i b o
R
k=g

Figure 3. Example of effect of preprocessing wheat ear image with PIL
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Table 1. Structure comparison of YOLO series models
2 1. YOLO RFIEBILEMRTEL
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Table 2. Test results of two algorithms on data sets
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Figure 4. Partial display of YOLOv3 target detection results
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Figure 5. Partial display of YOLOV5s target detection results
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