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Abstract: To reduce the training calculation time and optimal training times of a neural network model and
ensure high classification accuracy of handwritten digital images, compressive sensing technology was in-

troduced, and a fast classification algorithm of handwritten digital images based on compressive sensing
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and a single-hidden layer feedforward network (Compressive sensing and single-hidden layer feedforward
network, CS-SHLNet) was proposed. First, a Gaussian random matrix is used to obtain a linear measure-
ment of the handwritten digital image with sparseness, and the high-dimensional image signal is projected
to the low-dimensional space to obtain the measurement value. Second, using the error backpropagation
(BP) algorithm, the weights of the neural network are continuously adjusted to establish a single-hidden
layer feedforward network model suitable for the measurement values, which are embedded into the neural
network for image feature extraction. Finally, a single-hidden layer feedforward network model is used to
classify handwritten digits, and the model is quantitatively evaluated by the time-consuming training calcu-
lations, the optimal training times, and the classification accuracy. Experimental results show that—in
contrast to using a single-hidden layer neural network and deep learning for high-dimensional image signal
classification of MNIST handwritten numeral datasets—through the CS technology, the Gaussian random
matrix linear measurement number, i. e. , M=235, is first used to obtain the image measurement value;
then, the single-hidden layer feedforward network is used for image classification. The training calculation
time of the network model is reduced to 13. 05 s, the best training times are reduced by a factor of three,
and the classification accuracy is 97.5%. The compressive sensing linear measurement in the algorithm
can effectively reduce the computation time of the training and the optimal training times of the neural net-
work model for handwritten digital datasets and the classification accuracy can be ensured.
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Fig.1 Flowchart of handwritten digital image classification
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