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Abstract – As we all know, Asian Giant Hornets can cause devastating damage to the local ecological environment, 

so we want to help the Washington State government to prevent and control them. Our model can perform image 

recognition on the image data of the sighting report and give a conclusion. In addition, for the recognition of image 

data, we use the well-known YOLO v3 framework in the field of image recognition to train the model. YOLO V3 uses 

the advanced DarkNet53 network. Many papers have proven that this network has good performance. We use this 

model to determine whether the image is for the Asian Giant Hornets. 
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I. INTRODUCTION 

Vespa mandarinia is the largest hornet species in the world and also an invasive species. They will greedily 

prey on pollinating insects including bees, invade nests and cause very bad effects. In the past few decades, 

especially in the past two years, insect sightings have occurred one after another, including those confirmed as 

insect sightings and misjudgments. In order to further grasp the trend of pests, we need to establish a 

mathematical model to solve the problems [7]. 

II. RELATED WORK 

In 2021, Yang Yin’s research is based on the butterfly image data set，using the Mobile Net-SSD object 

detection method to identify and detect butterfly insects, and uses two performance indicators: mean Average 

Precision (mAP) and Frames Per Second (fps) were used to verify the effect of the model. Combine mobile 

terminal equipment to quickly identify and detect butterflies and provide a reference idea [5]. We use the well-

known YOLO v3 framework in the field of image recognition to train the model. Now few people have applied 

YOLO to the field of insect identification, we fill this gap. At the same time, yolov3 has improved the prediction 

accuracy, especially the ability to recognize small objects, while maintaining the speed advantage. 

III. BACKGROUND 

A. Habits of Wasps 

Wasps are insect groups with social behaviors, which nest all their lives. There are differences among queen 

bee, worker bee (female) and drone. Hind wasps are female wasps that mated and fertilized with male wasps 

after the autumn of the previous year. They store sperm in seminal vesicles and use them in different times this 

year. Drones die soon after mating. When the weather gets colder, the fertilized females leave their nests one 
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after another to seek shelter from the wind, such as cracks in the walls and haystacks. In the spring of the next 

year, the surviving female bees went out separately to find a suitable place to nest and lay eggs. After autumn, 

the number of drones in the nest is about 1 / 3 of the total number, which is the most in a year [7]. 

IV. IMAGE RECOGNITION 

A. Image Preprocessing 

Because the area of some wasps in the electronic image uploaded by the witness is smaller than that of the 

whole image, and the background area is larger, it is necessary to eliminate the background interference when 

using deep learning to train the image model, which will make the classification effect of the model better. At 

the same time, the angle of the image uploaded by the witness will also affect the recognition of the wasp image 

in the model, so it is necessary to preprocess the image to improve the accuracy of image recognition. The 

model image extraction process is shown in Figure 1a. 

  

(a) Image Rotation (b) Image Extraction Process 

Fig. 1. Image extraction. 

In the model, the coordinates of the four vertices in the green rectangular region are retained, and the wasp 

image is cut out according to the red rectangle. According to the coordinates of the four vertices, the image with 

the smallest background factor is extracted. 

In deep learning, in order to better extract the features in the image, prevent over fitting of the model and 

improve the robustness of the model, a large number of data are needed for training. In this paper, we need to 

enhance the image of positive ID, because the images uploaded by eyewitness are less than those of Asian 

bumblebee. In this paper, we use image rotation to enhance the data set. 

Rotate the image 90o and the effect is as shown in Figure 1b. 

At present, the most commonly used traditional method is image recognition method, but the traditional 

image recognition method has high false detection rate and poor generalization ability, and the image 

recognition technology based on deep learning can effectively improve the accuracy of image recognition. 

Convolutional neural network (CNN) is a kind of feed for-ward neural network in artificial neural network. It 

plays an important role in speech recognition and image recognition, has strong learning ability, and its 

generalization error is small. CNN can process high-dimensional data, extract image features automatically, and 

has high classification accuracy. Typical convolutional neural network models include googlenet, lenet, alexnet, 
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vggnet and Darknet. The structure of CNN includes convolution layer, pooling layer and fully connected layer. 

Convolution layer can extract the features of input signal; pooling layer can retain the main information of 

feature graph and reduce the dimension of feature graph; fully connected layer can effectively integrate the local 

information with classification features in feature graph. This paper mainly uses the Yolo V3 algorithm in deep 

learning as an image recognition algorithm, which is a variant of Darknet and contains the advantages of 

convolutional neural network structure. 

B. YOLO V3 Algorithm 

YOLO series algorithm is one of the fastest target detection algorithms. YOLOV3 uses a variety of Darknet, 

initially trained 53 layer network on Imagenet, and provided a 106 layer full convolution infrastructure for yolo 

V3. Yolo V3 continues to use V2 anchor boxes, which is also obtained by clustering [7]. 

Core Idea:  

Take the whole picture as the input of the network (similar to fast RCNN), and directly regress the location 

and category of bbox (bounding box) in the output layer. 

 

Fig. 2. Flow chart of Yolo V3 framework. (https://arxiv.org/abs/1605.07146) 

In addition, Yolo V3 uses a better basic classification network (darknet-53, similar to RESNET introducing 

residual structure). 

C. Dark Net 53 

Darknet-53 can be summarized by three parts: deep residual network + multi-scale feature prediction + FPN 

up sampling. The deeper the network is, the finer the detected features are, and the better the effect is. 

Here, we briefly introduce the working principle of darknet-53. 

RESNET introduces the residual network structure. Through this residual network structure, the network 

layer can be made very deep, and the final classification effect is also very good. The basic structure of residual 

network is shown in Figure 3a, which obviously has a jump structure. 
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(b) Network parameter table (c) Basic structure diagram of residual network 

Fig. 3. DarkNet53. 

As shown in the table, the network model in this paper is divided into six parts. Firstly, convolution of 3x32 is 

carried out. After 23 residual unit building blocks, each block has two convolution layers. Finally, a full 

connection layer is added, and the result is output through softmax regression. 

Now some papers have proved that the framework has a good effect, and the code has been open source, so 

we use the framework for image recognition, and get 73% accuracy. 

V. CONCLUSION 

In our paper, we propose to apply the YOLO.V3 framework to the image recognition of Asian Giant Hornet. 

The model recognition accuracy reaches 73%, and the YOLO.V3 framework has significant advantages over 

other versions of the YOLO framework, in which YOLO.v2 is 70% and YOLO.v1 is only 65%. Therefore, the 

experimental results demonstrate that our YOLO.V3 framework is reliable and efficient in the field of insect 

recognition. In the future, we will continue to study the application of this framework to more subdivided insect 

fields, allowing our model to identify some subspecies of wasps. 
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