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A Research on Multiple CNN Ensemble Learning with Various Filter
Sizes for Training a Noise-robust Image Classification Model
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Abstract A multiple CNN ensemble model was developed using various filter sizes to train a noise-robust
image classification model. The multiple CNN ensemble model consisted of a soft voting combination
of two multiple-sized filter CNN ensemble models. The multiscale filter CNN ensemble model consisted
of a soft voting combination of five single CNN models. Single CNN models were made using 3, 5, 7,
11, and 13-sized filters. During the modeling, a special calculation process was applied to CNNs, outputs
of last affine layer in each CNN model are combine properly. The combined outputs were sent to
softmax-with-loss layer to conduct rest of forward propagation. Lastly, by progressing progress back
propagation calculation, CNN models made it possible to complement each other's weight variables.
Evaluation of the robustness of the multiple CNN ensemble model was performed using an MNIST
handwritten number image data set, 1 normal data set, and 3 noise added data set. These image data
sets were used to model and test the performance of the classification model regardless of normal or
noise. The resulting multiple CNN ensemble model had better classification performance than the single
CNN model.
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Fig. 1. MNIST handwritten digit data(normal)
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Fig. 2. MNIST with Noise
(a) AWGN(left), (b) Motion Blur(center),
(c) Reduced Contrast and AWGN(right)
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Fig. 3. An example of CNN structure
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Fig. 4. CNN layer structure
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Fig. 6. Output combination process of each affine
layer 2 (maximum standard deviation method)
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Fig. 7. Output combination process of each affine
layer 2 (minimum standard deviation method)
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Table 1. accuracy of multi CNN Ensemble model

Test Data Set
Ensemble CNN
Normal | Noisel Noise2 Noise3
Normal | 99.30 97.25 96.32 90.03
ModelData| Noisel | 9923 | 98.66 | 9685 | 96.43
Set Noise2 | 98.51 93.01 99.05 74.56
Noise3 98.98 98.41 97.18 97.46

Table 2. accuracy of single CNN model(filter size: 3X3)

Single CNN Test Data Set
(Filter size 3x3) Normal | Noisel | Noise2 | Noise3
Normal | 98.42 73.32 89.66 52.70
ModelData| Noisel | 98.26 97.01 91.63 84.54
Set Noise2 | 95.05 | 64.04 | 98.60 | 41.24
Noise3 | 97.76 95.76 93.45 94.77

Table 3. accuracy of single CNN model(filter size: 5X5)

Single CNN Test Data Set
(Filter size 5x5) Normal | Noisel Noise2 Noise3
Normal | 98.58 90.42 91.19 71.86
ModelData| Noisel 98.80 97.82 95.69 93.79
Set Noise2 | 97.06 | 73.27 | 98.73 | 47.06
Noise3 98.64 97.89 96.00 95.79

59

Table 4. accuracy of single CNN model(filter size: 7X7)

Single CNN Test Data Set
(Filter size 7x7) Normal | Noisel | Noise2 | Noise3
Normal | 98.89 95.55 94.07 85.79
ModelData| Noisel | 98.98 | 98.16 | 9432 | 9552
Set Noise2 | 98.00 | 8545 | 98.73 | 63.06
Noise3 | 98.78 97.85 96.46 96.47

Table 5. accuracy of single CNN model(filter size: 11X11)

Single CNN Test Data Set
(Filter size 11x11) | Normal | Noisel | Noise2 | Noise3
Normal 98.70 94.26 95.43 82.60
ModelData| Noisel 98.96 98.18 95.95 95.84
Set Noise2 | 96.23 | 88.06 | 9841 | 70.29
Noise3 98.87 98.29 96.16 96.72

Table 6. accuracy of single CNN model(filter size: 13X13)

Single CNN Test Data Set
(Filter size 13x13) | Normal | Noisel Noise2 Noise3
Normal | 99.07 94.33 94.95 82.87
ModelData| Noisel 98.91 98.04 96.35 95.07
Set Noise2 | 97.88 | 9035 98.75 73.61
Noise3 98.64 97.99 96.95 96.69
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Table 7. Fl-score of multi CNN Ensemble model

Test Data Set
Ensemble CNN
Normal Noisel Noise2 Noise3
Normal | 0.9929 0.9724 0.9629 0.8992
ModelData| Noisel | 0.9922 0.9866 0.9683 0.9639
Set Noise2 | 0.9850 | 0.9289 | 0.9904 | 0.7362
Noise3 | 0.9898 0.9841 0.9718 0.9745

Table 8. Fl-score of single CNN model(filter size: 3X3)

Single CNN Test Data Set
(Filter size 3x3) Normal | Noisel | Noise2 | Noise3
Normal | 0.9842 0.7083 0.8879 0.4729
ModelData| Noisel | 0.9825 | 09699 | 0.9164 | 0.8437
Set Noise2 | 0.9499 | 0.6177 | 0.9859 | 0.3771
Noise3 | 0.9775 | 0.9575 | 0.9339 | 0.9474

Table 9. F1-score of single CNN model(filter size: 5X5)

Single CNN Test Data Set
(Filter size 5x5) Normal | Noisel | Noise2 | Noise3
Normal | 0.9857 | 0.9000 | 0.9081 0.7068
ModelData| Noisel | 0.9879 | 0.9780 | 0.9568 | 0.9369
Set Noise2 | 0.9703 | 0.7302 | 0.9872 | 0.4545
Noise3 | 0.9864 | 0.9788 | 0.9600 | 0.9576

Table 10. F1-score of single CNN model(filter size: 7X7)

Single CNN Test Data Set
(Filter size 7x7) Normal Noisel Noise2 Noise3
Normal | 0.9888 | 0.9552 | 0.9395 0.8566
ModelData| Noisel | 0.9898 | 0.9815 | 0.9423 | 0.9549
Set Noise2 | 0.9799 | 0.8534 | 0.9872 | 0.6087
Noise3 | 0.9877 | 0.9783 | 0.9638 | 0.9644

Table 11. Fl-score of single CNN model
(filter size: 11X11)

Single CNN Test Data Set
(Filter size 11x11) Normal Noisel Noise2 Noise3
Normal | 0.9869 | 0.9436 | 0.9542 | 0.8325
ModelData| Noisel | 0.9895 | 0.9816 | 0.9588 | 0.9581
Set Noise2 | 0.9620 | 0.8798 | 0.9840 | 0.6893
Noise3 0.9887 0.9828 0.9611 0.9670
Table 12. Fl-score of single CNN model
(filter size: 13X13)
Single CNN Test Data Set
(Filter size 13x13) Normal Noisel Noise2 Noise3
Normal | 0.9906 0.9437 0.9492 0.8335
ModelData| Noisel | 0.9890 | 0.9803 | 0.9635 | 0.9505
Set Noise2 | 0.9786 | 0.9039 | 0.9874 | 0.7378
Noise3 | 0.9863 | 0.9798 | 0.9692 | 0.9667
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