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Image denoising convolutional neural network based on hybrid TLBO-DE algorithm
WANG Xiaowei, GAO Ming, SUN Xixia

(School of Internet of Things, Nanjing University of Posts and Telecommunications, Nanjing 210003, China)

Abstract; Considering the problem that the hyper-parameters and structure of convolutional neural networks (CNN) for image
denoising are difficult to determine, a hyper—parameter and structure optimization method of CNN network based on hybrid teaching
—learning—based optimization ( TLBO) algorithm and differential evolution ( DE) algorithm is proposed. First, a mathematical
model of the hyper—parameter and structure optimization of CNN network for image denoising is established. Then, an hybrid TLBO
—-DE algorithm is proposed, and it is adopted to optimize the hyper—parameters and structure of the CNN for image denoising. In the
early stage of the evolution process of the hybrid TLBO-DE algorithm, the population evolves based on the evolution mechanism of
the DE algorithm with a large probability, thereby increasing the diversity of the population. In the late stage of evolution process,
the population evolves based on the teaching mechanism of the TLBO algorithm with a large probability, thereby increasing the
convergence speed of the algorithm. Finally, the proposed method is tested on a public medical image dataset. Experimental results
show that the proposed method has better optimization and image denoising performances than the image denoising methods based on
CNN optimized by the genetic algorithm, DE and TLBO algorithms. Compared with the image denoising methods based on block—
matching and 3D filtering (BM3D) and denoising convolutional neural network ( DnCNN) with good denoising performance at
present, the proposed method has better denoising performanc.
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Fig. 1 Schematic diagram of an image denoising CNN
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Fig. 2 Schematic diagram of residual network blocks versus dense
network blocks
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Table 1 Type, scope, and subscript representation of the hyperparameters

HESH RS PR ThRFER
o 45 25 R A Y Redisual , Dense TOB=[0,1]
[ 28 SR~ 51 2,3,4,5,6,7 NOB=[0,1,2,3,4,5]
BRZ R 1,2,3,4 NOC=[0,1,2,3]
ESY AL NN 3%3,5%57%7 FS=[0,1,2]
G 8,16,32,64,128 NOF=[0,1,2,3,4]
TG PR ReLU, Tanh, Leaky ReLU ACT=[0,1,2]
LR Adam, Adadelta, Adamax ,SGD , Adagrad oPT=[0,1,2,3,4]
it A —fkAb 3 False, True BN=[0,1]
E2RTE 0.1,0.01,0.001 LR=[0,1,2]
2 R AL MAE ,MSE LF=[0,1]
Eiin T 8,16,32,64,96 BS=[0,1,2,3,4]
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Fig. 4 Flowchart of hybrid TLBO-DE algorithm
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