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Image Recognition Based on Dynamic Perturbation Attenuation
Neural Networks and Algorithms

FEI Chunguo, ZHAO Yangfan
(College of Electronic Information and Automation, Civil Aviation University of China, Tianjin 300300, China)

Abstract: When dealing with large-scale image datasets, a gradient descent method, as a commonly used training meth-
od, is prone to slow down in convergence after finding out an optimal solution for some data, leading to the failure to obtain
the optimal solution for entire data. To address the issues encountered by the gradient descent method in image recognitions,
on the basis of which the existing neural network architecture is combined with the cortico-basal ganglia loops and E/I pertur-
bation phenomena in biological neural networks, a solution of the dynamic perturbation attenuation network and dynamic
perturbation attenuation gradient descent algorithm is proposed. In this network, a gradually diminishing perturbation layer
is introduced into the input layer of the existing network. With an increase of iterations, the perturbation applied to the in-
put layer gradually approaches zero. This method not only accelerates the convergence speed of the gradient descent method
in image recognition tasks, but also avoids local optimum and overfitting during entire training process, thus enhancing the
network's performance. By using different neural networks and algorithms on image recognition datasets such as MNIST,
CIFAR-10, and CIFAR-100, experimental results verify the effectiveness of the proposed dynamic perturbation attenuation
network and algorithm. Compared with the original network using the Adam and SGDM algorithms, the dynamic perturba-
tion attenuation method improves the test accuracy by a range of 0. 16 % to 1. 4% and 0. 39% to 1. 38% , respectively, while
also exhibiting a faster convergence. In further experiments, with the introduction of data augmentation and comparisons
with the WAdam and Adagrad algorithms, the proposed method significantly improves the accuracy, demonstrating a strong
robustness and broad applicability.

Keywords: deep learning; neurobiology; local optima; optimization algorithms; cortical circuit
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