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Abstract
There are many species and wide distribution of wild butterflies, and they are sensitive to changes
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in the living environment. The survival of butterfly populations within the monitoring range can
provide help for monitoring and measuring changes in the ecological environment in the region
and measuring the quality of the ecological environment. Most of the existing butterfly species
data sets have small data volume and low recognition accuracy. In order to solve this problem, this
paper proposes a migration learning and fine-tuning method based on the VGG16 model to recog-
nize the butterfly image in order to improve the recognition accuracy. First, the butterfly species
data set is enhanced, and then the large image data set is used to pre-train the VGG16 model, mi-
grate the parameters of the pre-training model, “freeze” the convolution layer and pool layer,
modify the full connection layer and classification layer, and “thaw” part of the convolution layer
to fine-tune the parameters to get the recognition results. The experiment shows that the accuracy
of the network for butterfly species recognition has been effectively improved by the method of
migration learning and fine tuning, and the recognition accuracy has reached 83.95% after migra-
tion and fine tuning from 76.67% at the beginning.
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Figure 1. Specimen image and field image in data set
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Table 1. Network structure and parameters of VGG16 model
% 1. VGGl6 REMF LM R SRR

Layer (type) Output Shape Param
input (InputLayer) [3, 224, 224] 0
block1-convl (Conv2d) [64, 224, 224] 1792
block1-conv2 (Conv2d) [64, 224, 224] 36,928
block1-pool (MaxPool2d) [64, 112, 112] 0
block2-convl (Conv2d) [128, 112, 112] 73,856
block2-conv2 (Conv2d) [128, 112, 112] 147,584
block2-pool (MaxPool2d) [128, 56, 56] 0
block3-convl (Conv2d) [256, 56, 56] 295,168
block3-conv2 (Conv2d) [256, 56, 56] 590,080
block3-conv3 (Conv2d) [256, 56, 56] 590,080
block3-pool (MaxPool2d) [256, 28, 28] 0
block4-convl (Conv2d) [512,28, 28] 1,180,160
block4-conv2 (Conv2d) [512,28, 28] 2,359,808
block4-conv3 (Conv2d) [512, 28, 28] 2,359,808
block4-pool (MaxPool2d) [512, 14, 14] 0
block5-convl (Conv2d) [512, 14, 14] 2,359,808
block5-conv2 (Conv2d) [512, 14, 14] 2,359,808
block5-conv3 (Conv2d) [512, 14, 14] 2,359,808
block5-pool (MaxPool2d) [512,7,7] 0
FC1 (Linear) [4096, 1, 1] 102,764,544
FC2 (Linear) [4096, 1, 1] 16,781,312
FC3 (Linear) [4096, 1, 1] 4,097,000
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Figure 2. The process of transfer learning
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Figure 3. Process of experiment 1
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Figure 4. Process of experiment 2
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Figure 5. Process of experiment 3
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Figure 6. Accuracy and loss of training set and verification set in experiment 1
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Figure 7. Accuracy and loss of training set and verification set in experiment 2
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Figure 8. Accuracy and loss of training set and verification set in experiment 3
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