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Abstract

The ResNet and EfficientNet are used to classify the remote sensing image. Among ResNet and
EfficientNet, the former uses an 18-layer network structure and has a classification accuracy of
59.8% in the test set; the latter uses EfficientNet-B0 and EfficientNet-B1, with the highest classifi-
cation accuracy of 92.6%. After that, we replace the SGD optimizer with Ranger optimizer. Al-
though the new classification accuracy is similar to the original one, using the Ranger optimizer to
train the EfficientNet model has stronger stability and faster training speed. Finally, we analyzed
the test results, listed the classification accuracy of each type of scene, analyzed and summarized
the improvement methods.
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Figure 1. Example of remote sensing image classification data set (part)
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Figure 2. Flow chart of algorithm idea
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Figure 3. Residual module
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Figure 4. ResNet18 test set loss and accuracy (step size: 0.01)
[ 4. ResNet18 MR S5 k1B KRR (5K 0.01)

0.52 1
15000+ 051
0.50 1
14500
. g 0.491
)
~ 14000 g 0.481
<
0.47 -
13500+ 0.46 -
0.45 -
13000
0 10 20 30 0 10 20 30
Number of iterations Number of iterations

Figure 5. ResNet18 test set loss and accuracy (step size: 0.001)
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Figure 6. ResNet18 test set loss and accuracy (step size: 0.0001)
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Figure 7. EfficientNet-BO0 training set loss and accuracy curve (step size: 0.001)
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Figure 8. EfficientNet-BO0 test set loss and accuracy curve (step size: 0.001)
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Figure 9. EfficientNet-BO0 training set loss and accuracy curve based on Ranger optimizer (step size: 0.01)
9. ETF Ranger 1L 22AY EfficientNet-BO JIZERLE R EFE /L ($ KX 0.01)

0.92+
0.74
0.90+
0.6_ 088 4
; g
£ 0.5 5 0861
— 3
< 0.841
0.4
0.821
0.31 0.80-
0 20 40 60 0 20 40 60
Number of iterations Number of iterations

Figure 10. EfficientNet-BO0 test set loss and accuracy curve based on Ranger optimizer (step size: 0.01)
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Figure 11. EfficientNet-BO0 training set loss and accuracy curve based on Ranger optimizer (step size: 0.001)
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Figure 12. EfficientNet-BO0 test set loss and accuracy curve based on Ranger optimizer (step size: 0.001)
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Figure 13. EfficientNet-B1 training set loss and accuracy curve based on Ranger optimizer (step size: 0.01)
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Figure 14. EfficientNet-B1 test set loss and accuracy curve based
on Ranger optimizer (step size: 0.01)
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Figure 15. Accuracy of various types of remote sensing image classification (part)
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