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Optimization of Deep Learning Model Using Genetic Algorithm
in PET-CT Image Alzheimer’s Classification
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ABSTRACT

Do-Young Kang”, Jongkwan Songw',

AAR

Jangsik Park

The performance of convolutional deep learning networks is generally determined according to

parameters of target dataset, structure of network, convolution kernel, activation function, and optimization
algorithm. In this paper, a genetic algorithm is used to select the appropriate deep learning model and
parameters for Alzheimer’s classification and to compare the learning results with preliminary experiment.
We compare and analyze the Alzheimer’s disease classification performance of VGG-16, GoogLeNet, and
ResNet to select an effective network for detecting AD and MCI. The simulation results show that the
network structure is ResNet, the activation function is Rel.U, the optimization algorithm is Adam, and

the convolution kernel has a 3-dilated convolution filter for the accuracy of dementia medical images.

Key words: Alzheimer’s Disease Classification, Genetic Algorithm, Deep Learning, ResNet.
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Fig. 3. Training example image of Alzheimer’s disease
classification, (a) normal control, (b) mild cogni—
tive impairment, (c) Alzheimer’s disease.
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Table 2, Experiment result of deep learning with VGG—16
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A Ade
Ae & 5 Ak Ad A
RenNeto] 2H# o2 go] Hoju fadndF
ResNet®2 A3t AFsic
ne)Fe] ARE ALNE vl

B

A3} ResNet, Adam, ReLU 121, =3
NS wf 5ol

No-dilated 1-dilated 2-dilated 3-dilated
ReLLU 51.39% 51.96% 50.84% 50.36%
SGDM Leaky ReLU 37.19% 38.45% 38.64% 34.68%
Clipped ReLU 48.18% 44.68% 48.64% 49.86%
ReLU 53.59% 56.16% 56.48% 54.83%
RMSProp Leaky ReLU 53.35% 95.63% 56.48% 54.86%
Clipped ReLU 53.06% 95.64% 55.66% 54.78%
ReLU 57.79% 55.24% 58.74% 54.89%
Adam Leaky ReLU 57.19% 58.49% 58.97% 58.72%
Clipped ReLU 56.19% 94.79% 58.59% 59.66%

Table 3. Experiment result of deep learning with GooglLeNet
No—dilated 1-dilated 2—dilated 3—dilated
ReLLU 66.87% 66.48% 68.18% 64.96%
SGDM Leaky ReLU 50.56% 55.20% 55.48% 49.46%
Clipped ReLU 68.41% 67.45% 66.64% 70.49%
ReLLU 67.84% 65.82% 65.25% 64.96%
RMSProp Leaky ReLU 62.20% 64.72% 62.70% 64.47%
Clipped ReLU 62.42% 67.72% 67.41% 64.69%
ReLU 70.45% 63.64% 70.25% 70.89%
Adam Leaky ReLU 68.52% 69.66% 67.89% 68.16%
Clipped ReLU 67.97% 64.96% 68.79% 64.69%

Table 4, Experiment result of deep learning with ResNet

No—dilated 1-dilated 2—dilated 3—dilated
ReLU 83.98% 81.47% 82.54% 82.22%
SGDM Leaky ReLU 69.59% 82.90% 84.15% 83.79%
Clipped ReLU 83.45% 80.12% 81.97% 82.57%
ReLLU 75.94% 78.91% 77.95% 74.91%
RMSProp Leaky ReLU 78.63% 76.63% 78.48% 75.42%
Clipped ReLU 72.45% 71.09% 72.80% 74.14%
ReLLU 85.20% 85.22% 83.89% 86.91%
Adam Leaky ReLU 84.12% 85.69% 81.78% 84.77%
Clipped ReLU 82.43% 84.63% 80.91% 83.54%
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Table 5. Configuration of chromosomes in results gen—

eration

order number chromosome cost

1 6 001011 10.0

2 4 001011 89

3 5 001011 7.8

4 1 001011 6.7

5 10 001011 56

6 9 001011 4.5

7 8 001011 34

8 2 001011 2.3

9 3 001011 1.2

10 7 100111 0.1
FAA e Fxoltt. FAAL] HEE 27 44"
A EAelth LT A A9, oA Al
WA 2 gmrt me AAATL $AUEAE A
Ak 29 A3 QA A7 AvkE wel g A9 %
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RelLU Z18]aL, AAAG7} 3¢ HEFA 742 14
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2 =qozt 8 Fusle gAde Fus) A

Table 6. Performance comparison of optimization algo—

rithm
running | computation
total | time (min)
genetic algorithm 21 1,236
tabu search 42 2,354
particle swarm optimization 32 1,885
exhaustive search 36 2,146
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