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Abstract Deep learning-based imaging through scattering media has emerged as a crucial research direction in computational
optical imaging, garnering significant attention in recent years. While supervised learning approaches have made notable
progress in this field, they still face numerous challenges in practical applications and key technologies. For instance, supervised
learning heavily relies on precisely paired training data, which is extremely difficult and impractical to obtain in complex
scattering environments. Moreover, supervised imaging methods often demonstrate poor generalization performance when
confronting scenarios outside their training scope, due to the limited representational capacity of data samples. To address these
challenges, unsupervised training strategies for imaging through scattering media have gradually become a research focus,
yielding remarkable results. This paper classifies various network frameworks in unsupervised learning-based scattering media
imaging from a neural network perspective. We categorize existing unsupervised learning-driven scattering imaging techniques
into four types: autoencoder-based, generative adversarial network-based, diffusion model-based, and convolutional neural
network-based unsupervised scattering imaging technologies. For each method, we provide detailed analysis of their
performance advantages and limitations. Finally, we present future development prospects for neural network-based
unsupervised imaging through scattering media. This review aims to help researchers understand the principles and latest
developments in various unsupervised scattering media imaging techniques, clarify the characteristics and applicable scenarios of
different technologies, thereby advancing the engineering application process of scattering media imaging technology.
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Table 3 Performance analysis of IUL methods based on
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Fig. 6 GAN based on physical models and other learning approaches. (al)(a2) Network structure of the priori-free GAN incorporating

autocorrelation consistency and model output results™; (b1)(b2) network structure of PDR-GAN and comparison results with
other methods”™; (¢) network structure of EnlightenGAN"; (d1)(d2) flow of UCL-Dehaze and comparison results with other

methods""; (e) PatchNCE network structure based on contrast learning ™’
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Table 6 Performance analysis of [IUL method based on different
CNN algorithms

Ref. PSNRY SSIMA UQI4 1Ey SDA MIA NIQEY LOEY

[84] 20.51 0.800 0.865 - - - - R
[85] 23.58 0.926 - - - - - -
[86] - 0.518 7.107 40.46 1.680 - -
(871 - - - - - - 330 305
[89] 19.72 0.875 - - - - - _
[90] 30.19 0.839 - - - - _ _
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Table 7 Performance analysis of different typical IUL methods

Ref. PSNR 4 SSIM 4 UiQM 4 UCIQE 4 EN Y SD A MI 4 MSE vy UuQIt
[53] 22.9600 0.7710 3.265 0.749 - - - - -
[65] 71.1607 0.7669 - - 4.1478 52.464 3.0764 - -
[79] 31.0923 0.8914 - - - - - 14.5778 -
[84] 20.5100 0.8000 - - - - - - 0.865
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