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A Proposal for an Accelerated Model of Ensemble Deep Learning in Image
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Convolutional neural network (CNN) models have become the basis for deep learning in image classification because of
their superior performance. Ensemble learning is effective in increasing the accuracy of CNN models. However, ensemble learning
requires greater training and implementation time than a CNN model. In this paper, we present a split convolutional ensemble

model that costs less in terms of training and implementation time, with same accuracy as that of the original ensemble method.

This method can save up to 50% of time compared with the original ensemble method.
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Fig. 1. Example network architecture for proposed method.
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Fig. 2. Baseline architecture for ensemble learning.
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Table 1. Accuracy(%) using original backbone, baseline ensemble
learning and proposed method.

Backbone | Baseline | ProMethl | ProMeth2
ResNet-20 91.30 | 93.18 | 92.66 | 93.02
CIFAR-10 WRN-16-8 9525 | 95.63 | 9524 | 95.60
ResNeXt-203d | 93.30 | 94.63 | 94.13 | 94.24
ResNet-20 64.50 | 7274 | 71.62 | 71.62
CIFAR-100 WRN-16-8 7890 | 81.48 | 80.60 | 81.14
ResNext203d | 74.01 | 78.21 | 7740 | 77.15
ResNet-56 48.59 | 56.70 | 56.69 | 57.76
Tiny-TmageNet WRN-20-8 51.81 | 55.72 | 5434 56.64
ResNext-374d | 48.69 | 57.36 | 56.79 | 57.37
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Fig. 3. Plot of Tukey-Honest significant differences.
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ResNeXt—29-3d /X v 7 R — 2 DFAA DEDEA,
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Table 2. Computation time(s).

Baseline Time Proposed Method Time

Training (Implementation| Training |Implementation|

ResNet20 | 27.65 2.15 15.85 1.47

CIFAR-10 | WRN-168 | 149.50 9.64 80.75 5.39

ResNeXt-29-3d  141.07 1231 69.40 6.01

ResNet-20 | 33.03 2.14 17.32 1.30

CIFAR-100 | WRN-16-8 | 159.81 9.70 84.66 5.39

ResNext-29-3d) 140.16 12.40 65.25 5.77

ResNet-56 | 1034.88 | 26.51 662.99 18.39

Tiny-ImageNef  WRN-20-8 | 399.09 11.66 268.95 8.08

ResNext-37-4d 288.70 8.37 175.87 5.56

Table 3. Computation time ratio(proposed method/baseline ensemble
learning).

Training Implementation

Time Ratio Time Ratio
ResNet-20 0.57 0.68
CIFAR-10 | WRN-16-8 0.54 0.56
ResNeXt-29-3d 0.49 0.49
ResNet-20 0.52 0.61
CIFAR-100 | WRN-16-8 0.53 0.56
ResNeXt-29-3d| 0.47 0.47
ResNet-56 0.64 0.69
Tiny-ImageNet| WRN-20-8 0.67 0.69
ResNeXt-37-4d 0.61 0.66

F 7o, AR R T THEIRER L 0 K 3 5 )
DR ONT. EEFEETFTVIE T+ T — R a Ry
— < = » (Forward propagation) & /3w 7 7 /R4
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TONLH, TROBIZIETZ + V— R a7 =
2 DHETHIZEN BRELTEZOND. £,
FHRIFE OB TN v 7 R— v OFFEEORINC S
NTHZ 5.
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