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Improved End-to-End Learning Odonata Recognition Algorithm

PENG Mingjie'**, TANG Wanmei', PI Jiatian"*?*, YU Xin', WU Zhiyou’, HUANG Fangting’

(1. College of Computer and Information Sciences, Chongqing Normal University;
2. Chongqing Center of Engineering Technology Research on Digital Agriculture Service, Chongqing Normal Universitty;
3. Chongging Key Laboratory of Intelligent Finance and Big Data Analysis, Chongqing Normal Universitty;
4. College of Life Sciences, Chongqing Normal University, Chongqing 401331, China)
Abstract: [ Purposes] The traditional Odonata insect identification algorithm is to perform artificial feature extraction on specimen
pictures to train the classifier. The data set used by this method contains fewer types and numbers of Odonata insects, and the
sample background is single, resulting in low recognition rate and can only identify the specimen pictures. In response to these
problems, a data set containing both ecological pictures and specimen pictures of Odonata insects was produced, and a recognition
algorithm based on deep learning was proposed. [ Methods ]Using a network framework with end-to-end learning advantages, on the
above data set, use ResNet50 migrated and learned on ImageNet for feature extraction, use the new region suggestion network Imp-
RPN for feature selection, and then use an improved loss function to solve the problem of uneven sample distribution. [ Findings ]
Experimental results show that the recognition rate of the recognition algorithm reaches 96.2% in 46 classification tasks that are
accurate to species, and 88. 7% in 90 classification tasks that are accurate to species and contain gender information. [ Conclusions ]
The end-to-end deep learning network framework eliminates the time cost of manually labeling samples, improves the recognition
accuracy, and can better meet the needs of species identification tasks.

Keywords: Odonata recognition; fine-grained recognition; deep learning; end-to-end learning; NTS-Net
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Fig. 1 Samples of natural dragonfly images Fig. 3 Anexample of
hermaphroditism
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Fig. 4 Design structure of NTS-Net
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Fig. 5 High information area in the dragonfly dataset
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Fig. 6 QT-RPN structure diagram
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Fig. 7 Confusion matrix of test results under different losses Fig. 8 Odonata recognition GUI
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Fig. 3 G-Module visualization Fig. 4 Feature map after 1x1 convolution after the 6th DenseNetLayer



