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Abstract: Light field images capture both spatial and angular information of light rays, providing richer vi-
sual information than traditional 2D images. However, their high-dimensional nature poses challenges for
existing compression methods in terms of global feature utilization, long-range correlation exploration, and
computational complexity, limiting the improvements of compression performance and efficiency. To ad-
dress these issues, this paper proposed an efficient Mamba-driven end-to-end light field image compression
method. Firstly, 2D slices containing spatial and epipolar plane information were extracted from the 4D
light field image, and Mamba was employed to fully capture their global contextual information. Second-
ly, to scan the light field image in multiple directions while avoiding a significant increase in computational
complexity, a channel-efficient 2D selective scanning strategy was introduced to extract light field features

accurately and efficiently. Finally, on the decoding end, a residual reconstruction module was designed to
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enhance the reconstructed image quality while reducing the number of parameters and decreasing the encod-

ing and decoding time. The experimental results show that compared with the existing representative

method SADN, the proposed method achieves an average bitrate reduction of 7. 4% and a PSNR improve-

ment of 0. 37 dB on light field images with a 7X 7 angular resolution, while also demonstrating superior

subjective visual quality. In terms of encoding and decoding time, the proposed method has achieved a sig-

nificant improvement of 10 to 20 times. Furthermore, compared to the state-of-the-art method LFIC-

DRASC, the proposed method achieves an average bitrate reduction of 19. 5% and a PSNR improvement

of 0. 58 dB on light field images with a 13X 13 angular resolution.
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Proposed vs.

HEVC VvC SADN MLIC++
fmages BD-BR BD-PSNR/ BD-BR BD-PSNR BD-BR BD-PSNR BD-BR BD-PSNR/
/% dB /% /dB /% /dB /% dB

Ankylosaurus&.Diplodocus  +3.134  +0.904  +29.826 +0.238 —25.726 +0.506 —22.207 +0.572
Bikes —59.690 +2.942 —43.284 +1.865 +3.841 +0.017 +2.578 —0.078
Color Chart —24.980 +1.198 +50.845 —1.586 —1.168 +1.063 —21.799 +1.042
Danger De Mort —62.348 +3.278 —46.632 +2.080 +10.294 —0.232 —0.143 +0.016
Desktop —24.144 +1.226 +11.859 —0.251 —7.597 +0.181 —8.692 +0.390
Flowers —65.101  +2.955 —48.255 +1.947 +2.873 —0.055 —0.433 +0.019
Fountain&.Vincent —62.476 +2.912 —45.514 +1.812 —3.653 +0.181 —2.557 +0.107
Friends —37.794 +1.824 —10.527 +0.631 —11.820 —+0.543 —8.374 +0.330
ISO Chart —39.443 +2.149 —2.514 +0.246 —19.127 +0.904 —3.580 +0.133
Magnets +2.267 +0.217 +31.548 —0.842 —22.087 +0.729 —21.283 +0.939
Stone Pillars Outside —47.149 +2.077 —25.520 +1.070 —8.021 +0.331 —3.273 +0.115
Vespa —54.113 +2.975 —36.584 +1.810 —6.747 +0.299 —4.826 +0.194
Average —39.320 +2.055 —11.229 +0.752 —7.412 +0.372 —7.882 +0.315
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Fig. 10 Rate-distortion curves of ablation experiments for different variants on the EPFL test dataset
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Tab.3 Comparison of computational complexity be-
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Methods FLOPs/G Params/K
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Tab.4 Comparison of encoding/decoding time and computational complexity between the proposed method and other

methods
Methods Encoding time/s Decoding time/s FLOPs/G Params/M
SADN 68. 84 136.48 60.43 3.46
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