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Fig. 1 Corn disease symptoms
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Table 1 Sample collection of major corn diseases
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Fig. 2 Effect of data augmentation
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Table 2 MobileNetV3-Small network model

Input Operator exp size Fout SE NL
224°X 3 conv2d,3X3 — 16 — HS 2
112*X 16 bneck,3X<3 16 16 Yes RE 2
56°X 16 bneck,3X 3 72 24— RE 2
28°X 24 bneck,3X 3 88 24— RE 1
28°X 24 bneck,5X5 96 40 Yes HS 2
147X 40 bneck,5X 5 240 40 Yes HS 1
14740 bneck,5X 5 240 40  Yes HS 1
147X 40 bneck,5X 5 120 48 Yes HS 1
147X 48 bneck,5X5 144 48 Yes HS 1
147X 48 bneck,5X5 288 96 Yes HS 2
7°X 96 bneck,5X5 576 96 Yes HS 1
7 X 96 bneck,5X5 576 96 Yes HS 1
7°X 96 conv2d,1 X1 — 576 Yes HS 1
7 X 576 Pool, 7X7 — - — — 1
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Fig. 4 Comparison of activation functions
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Table 3 The improved MobileNetV3 transfer model

Layer (type) Output Shape Param #
Input 224*X 3 0
Augmentation 2247X 3 0
Preprocess_Input 224X 3 0

MobilenetV 3-Small "X 1024 1529 968
GlobalAveragePooling2D 1024 0
Dropout 1024 0

Dense 4 4100
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Fig. 5 Training results of transfer learning
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Fig. 6 Feature maps from the base model
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Fig. 7 Fine-tuning training results
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Table 4 Comparison of evaluation metrics

before and after fine—tuning

%

Model train_acc val_acc train_loss val_loss test_acc

TS 93.50 95.88 15.75 10.62  95.68

WORBEEL 9872 97.60 3.57 8.86 98.15

4.4 MKERHWH

X I AR v Y TR A AS e AT S i O
22 ) 6T 07 P4 TR VA R B L 25 RN 8 TR o o bR A
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T
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Fig. 8 Confusion matrix on the test dataset
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Table 5 Comparison of final evaluation
metrics across different models
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Transferred MobileNetV3 Method for Corn Disease Recognition

SHI Baoming', HE Yuanxiang', ZHAO Xia®
( 1. School of Digital Media, L.anzhou University of Arts and Sciences, Lanzhou 730010, China;
2. College of Information Science and Technology, Gansu Agricultural University, Lanzhou 730070, China)

Abstract: A method of corn disease recognition based on transfer learning using MobilenetV 3 is proposed. The
training dataset is augmented through online data enhancement, and the learning results of the MobilenetV 3-
Small network on the ImageNet dataset are utilized as pre-trained weights to construct the transfer learning
model. A deep separable convolution module is adopted to reduce the model’ s parameters count. Additionally,
a channel attention mechanism and the H-Swish activation function are incorporated to enhance both the accu-
racy and efficiency of the model’ s recognition capabilities. The Adam optimizer and cross-entropy loss function
are used to train the top-level classifier after migration. Experimental results show that the model achieves an
accuracy of 95.68% on the test set. Subsequently, the last one-third of layers in the transfer model are unfro-
zen, and the model is well tuned by adjusting the learning rate and optimizer parameters, resulting in a final test

accuracy of 98. 15% , which is an improvement of 2. 47 % compared to the pre-tuning accuracy.
Key words: transfer learning; fine tuning; MobileNetV3; convolutional neural network; corn diseases
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