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An image compression model based on the FA-LMBP hybrid neural network algorithm is proposed by the
and the LM algorithm is used to carry out the secondary optimization training for these weight thresholds, thereby

combination of the firefly algorithm and LM (Levenberg-Marquardt) algorithm. First, a set of optimal approximate

solutions of the backpropagation (BP) network weight threshold are obtained by the global search of the target
function based on the firefly algorithm, then the approximate solution is used as the initial

1 5l

e

alue of the BP model,
=]

obtaining the final image compression model. The experimental results show that the reconstruction quality of the
the basic BP model and the LMBP model under the same training times and error accuracy.
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compression image model based on the FA-LMBP hybrid neural network algorithm is obviously higher than that of

image processing; image compression; firefly algorithm; neural network; LMBP algorithm
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Fig. 1 Basic BP algorithm training curve
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Fig. 5 Normalized partial sample matrix
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Fig. 7 Comparison of decompression and reconstruction effects of different BP algorithms for Lena training images when K =2.

(a) Original image; (b) BP reconstruction image; (c¢) LMBP reconstruction image; (d) FA-LMBP reconstruction image
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Fig. 8 Comparison of decompression and reconstruction effects of different BP algorithms for Cameraman testing images when

K=2. (a) Original image; (b) BP reconstruction image; (c) LMBP reconstruction image; (d) FA-LMBP reconstruction image
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Fig. 9 Comparison of decompression and reconstruction effects of different BP algorithms for Brain testing images when K =2.

(a) Original image; (b) BP reconstruction image; (c) LMBP reconstruction image; (d) FA-LMBP reconstruction image
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Table 1 Reconstruction image evaluation of compression models based on different algorithms when K =2
Lena Cameraman Brain
Algorithm
PSNR SSIM PSNR SSIM PSNR SSIM
BP 10.1538 0.0423 9.3761 0.0356 7.0835 0.0243
LMBP 28.059 0.8635 25.0034 0.7565 22.7934 0.7541
FA-LMBP 28.529 0.8829 26.7053 0.8069 24.7611 0.8148

K2 K =4 I FE T AR 55k 04 0 44 A Y o ot P T AR

Table 2 Reconstruction image evaluation of compression models based on different algorithms when K =4

Algorith Lena Cameraman Brain
orithm
& PSNR SSIM PSNR SSIM PSNR SSIM
BP 9.8599 0.0373 9.1789 0.0261 7.1521 0.0208
LMBP 27.2878 0.8627 24.5302 0.7685 22.4939 0.711
FA-LMBP 27.3633 0.8638 25.4525 0.8124 23.3201 0.8193
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