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Abstract
Underwater turbulence affects optical imaging primarily through speckle, blurring, and distortion
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caused by phase disturbances in light waves during propagation, which severely limits the applica-
tion of traditional imaging methods in underwater environments. The phase screen model can ef-
fectively simulate the impact of underwater turbulence on light propagation, providing a simulation
foundation for the study of imaging technology under turbulence conditions. Correlation imaging
technology, with its ability to detect targets indirectly, high sensitivity to weak light, and strong anti-
interference capabilities, shows extensive potential in turbulent environments. This study com-
bines the turbulence phase screen model with three correlation imaging methods based on Hada-
mard matrices (traditional method, wavelet transform method, and cake-cutting method), system-
atically comparing their imaging performance under different turbulence intensities. Subsequently,
to further improve image quality, the blurred images obtained through turbulence correlation im-
aging are input into a conditional generative adversarial network for denoising and restoration,
exploring the feasibility and advantages of artificial intelligence in optimizing underwater turbu-
lence imaging. The experimental results demonstrate that the combination of deep learning and
correlation imaging significantly improves imaging quality in turbulent environments, providing
an efficient solution for practical underwater optical imaging applications.
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Figure 1. Experimental setup for computational ghost imaging
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Figure 2. Diagram of the ocean turbulence phase screen model
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Figure 3. Diagram of the generator and discriminator architecture
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