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Abstract: There is a forward—backward pursuit(FBP) algorithm in the compressed sensing (CS) which can efficiently
decrease framing time. However once forward step and backward step were determined during iteration, computing
time would increase and framing efficiency would be affected. In this paper, an improved variable step size forward—
backward pursuit (VSSFBP) algorithm was proposed. By integrating the ideas of double thresholds and variable step
size, the proposed algorithm could decrease the computation time and control the accuracy of reconstruction without
knowledge about the sparsity of the signal. And because the estimated sparsity is smaller than the true sparsity, larger
iteration step was chosen to reduce the number of iterations to shorting the running time. Simultaneously considering
unknown sparsity, iteration step was reduced and approaching speed was slowed down to improve the accuracy of sig-
nal reconstruction. The simulation results showed that the proposed algorithm can reduce the iteration times with better
reconstruction performances. When the compression ratio of the object is 0.45, this algorithm has 1 dB gain in the sig-
nal-to—noise ratio and 0.8 dB gain in the peak signal-to—noise ratio over FBP algorithm, and the reconstruction time

is only 42.04% of FBP algorithm. In a word, keeping in higher PSNR and SNR, VSSFBP algorithm has greatly re-
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duced time—consuming and increased reconstruction speed compared with other algorithms. Simultaneously the algo-

rithm makes reconstructed signal more precise, so the prospect of it’s application is very broad.
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