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Abstract

The profits of the vegetable industry are seriously affected by vegetable pests,
and timely and accurate detection of vegetable pests is of great significance to ensure
the quality and safety of vegetables. In vegetable production, it is very important to
identify pests in a timely and accurate manner, which is the basis for effective pest
control and vegetable quality.

This thesis analyzes the current research on the identification of different insect
pests in vegetables, describes the current situation and development of deep learning
and insect image recognition technology at home and abroad, briefly describes the
development trend of convolutional neural network based on deep learning, and
introduces the method of insect pest recognition.

The main research contents and results of this thesis are as follows:

First, build a dataset. A total of 1,500 images were used to construct an image
dataset of cruciferous vegetable insect pests through shooting and web crawling, and
the dataset was expanded to 12,000 images through data amplification. These pest
images are stored in a database, enabling effective management of pest information.

Secondly, the insect pest image recognition model was trained. Under the same
training set and test set conditions, several deep learning algorithms such as YOLOV3
and SSD are compared, and the results show that the SSD algorithm has high
recognition accuracy and fast recognition speed.

Then, the identification system is designed and implemented. Based on the SSD
algorithm, a complete, easy-to-use and accurate cruciferous vegetable pest
identification system was developed. The system is able to effectively identify pests,
provides a good user experience, and helps farmers identify pests.

Finally, develop the system client and server side. An application for identifying
pest images has been developed, and the client includes functional modules such as
intelligent pest diagnosis, pest information query and personal center, so that farmers

can upload and identify pest photos when they encounter unrecognizable cruciferous
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vegetable pests, so as to realize rapid feedback of pest information to farmers. The
server side includes functional modules such as pest image recognition, identification
record management, and pest information management, which can effectively

manage pest images and provide timely feedback to users.
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Fig. 1-1 Multilayer forward neural network
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