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Optimization of Deep Learning Model Based on Genetic Algorithm for Facial
Expression Recognition
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ABSTRACT

Deep learning shows outstanding performance in image and video analysis, such as object classification, object
detection and semantic segmentation. In this paper, it is analyzed that the performances of deep learning models can be
affected by characteristics of train dataset. It is proposed as a method for selecting activation function and optimization
algorithm of deep learning to classify facial expression. Classification performances are compared and analyzed by
applying various algorithms of each component of deep learning model for CK+, MMI, and KDEF datasets. As results
of simulation, it is shown that genetic algorithm can be an effective solution for optimizing components of deep
learning model.
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Fig. 2 An example of error surface input data and
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Fig. 3 Flow chart of genetic algorithm for Alzheimer's
disease classification based on deep learning
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Table 1. Performance comparison of deep learning
models for CK+ facial expression dataset

EHUA

1 oAl A3t dlolH
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L Leaky Clipped
CNN model Optimizer RelLU ReLU ReLU
SGDM 48.64% [54.45% 45.65%
AlexNet RMSProp|61.23% [68.59% [64.50%
IAdam 26.30% [76.25% [26.20%
SGDM  [76.56% (78.69% [77.45%
GoogLeNet RMSProp|65.62% 67.51% [30.49%
IAdam 32.13% [83.45% 83.79%
SGDM 96.57% 97.76% 87.63%
GG-16  |RMSProp|31.30% [98.21% [21.31%
IAdam 98.81% [98.36% [21.32%
SGDM 37.60% 88.16% 80.13%
ResNet-50 RMSProp|70.63% [73.25% [71.48%
IAdam 86.62% 84.14% 85.76%
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Table 2. Performance comparison of deep learning
models for MMI facial expression dataset

- Leaky Clipped

CNN modelOptimizer RelLU RelLU ReLU
SGDM  66.46% [65.16% [60.56%
AlexNet  [RMSProp|60.16% [58.16% [60.10%
IAdam 57.56% [59.74% 60.06%
SGDM  40.36% 40.56% 40.10%
GoogLeNet RMSProp40.56% #43.59% [42.63%
Adam 43.96% |41.70% K43.60%
SGDM  [76.25% [78.75% [67.50%
GG-16  [RMSProp52.50% [67.50% 81.25%
Adam 87.50% [81.25% p7.50%
SGDM  [70.65% [71.65% [22.96%
ResNet-50 [RMSProp|68.95% [73.49% [68.72%
Adam 74.49% [56.65% [60.39%
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Table 3. Performance comparison of deep learning
models for KDEF facial expression dataset

L Leaky Clipped

CNN modelOptimizer |ReLU ReLU ReLU
SGDM ~ 85.56% [81.50% [79.14%
AlexNet  [RMSProp86.45% [82.29% [21.62%
IAdam 22.20% [79.45% 81.62%
SGDM  [15.60% [84.15% [21.62%
GoogLeNet RMSProp|80.63% [86.79% [23.29%
IAdam 81.78% [718.56% [23.60%
SGDM  83.33% [84.92% |34.92%
VGG-16  RMSProp|77.78% [70.63% [37.30%
IAdam 85.71% [86.11% [16.67%
SGDM  67.19% 168.19% [60.49%
ResNet-50 RMSPropl68.98% [67.40% [65.71%
IAdam 66.49% [66.34% 160.56%
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Table 4. Assign gene of deep learning parameters
Parameters Gene encoding Binary
RelLU 0 00
Activation Leaky RelLU 1 01
Clipped RelLU 3 10
SGDM 0 00
Optimizer RMSProp 1 01
Adam 3 10
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